A Novel Algorithm for Speaker Change Detection
Based on Support Vector Machine
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A Fl—ﬁj[’” ]ﬁ%a s LA

.. number of correctly found boundaries
Pr ecision =

total numer of boundaries

Recall — number of correctly found boundc‘lrles ..... (17)
numer of hypothesized boundaries
P9t ES P ffi ] F-measure [13] 4 %f precision » recall 1% ﬁﬁf i ]Ff, » EFEPEFE 32 o (neutral

parameterization)ﬁlj?I ; /5'|F"iﬂ|:| - precision == recall ff![F f' UREET » PIF=F-score U™

Fecore — 2 x PrecisionxRecall (18)

Pr ecision + Re call
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| B AT 7 1, — AT < £y < £+ A VI HOR LT R » 77 s
%H'ﬂﬁ?im‘ =0.5 - =9 ; xﬁm"lfﬂﬁf%éﬁ@iﬁﬁ PN PUGE R o SRS RE (R  e p
Ri 25 M R A 2Rl 5 S FRIIP ] 7F FERLTEV (IR » 2 2RE P bR PR © 5 T ffy
2 1 Fieh fﬁglﬁﬁ[ﬂ 7|i°' Uﬁr Iﬁﬁjfk °
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®  CS: Confirmation by SVM.

al

®  CB: Confirmation by BIC.

®  MS: Merging by SVM.

®  MB: Merging by BIC.
ST BIC puE|| ';,'Elé(penalty factor)=* SVM [i¥ training misclassiﬁcation rat g b fifi V5

3 SR 10 9 10 i | #ﬁ%ﬁ,JlgﬁnﬁmE R H A 3 10
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misclassification rate
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B AHZ P N R AENEE R R FE D RR T ARG RO
VAR G AR RE FREIALIAM IS ARG ONE] X3 B AR E o EERG
Btz 7 Bl 0PI LM (Threshold Value) % - 257 & 3 Bbehi 8 > Bl 44 S R 2
(Stability)fe 32 i 12 (Robustness) -

21



FEAEL- BREESEOFLAR SRS AFFE AR BBA O[T
1. R ¥ (egolomeration) © $t- ¥ L iFF F 2 HE > B3R 0 a6 - BARR
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A BFE TG oY Z BAH 5 - B AP LV FT RPN N E R
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EEEC 2RI NRR bFFAE 6 HRELFFIAFY FAREFIA > L2 B
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# p](Bayesian Information Criterion, BIC) » ¥ — % B & % 2 +* (Generalized Likelihood Ratio,
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(A) B = F# % p|(Bayesian Information Criterion, BIC)[4]
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X = Xy, Xy, Xy Xy 5~ HFAE 95 2% BICT 3375~
1
BIC(M)) =logL({X, X,...... ,xN|Mj>—E,1kJ. logN 1)
He |_<x1'x2, ,,,,, ,xN\Mj> SHCAIM fo R Xend iz e (Maximum Likelihood) » 4 %

AL RHOF v ARG HAY B - B kB ETEE Xo
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-1 _ T
=CoCo (3.2)
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_r-1
% = (3b)
EAhfme o MLLR £ VB < o F GMs 2300 56 F GUM 2 FF et e > £ 12

Ve s o ke YW H L n=1- N g g s e e
ekl W, =|b,, AL

2.2. Bt pREL ERE
P RACRIREFO TRAE AP ARRFE Y E AR OEF AR OB

{W Hn’ml n :1~ N} 1 P\ #@51 )7\; f’é "%‘L é\}?/?‘léﬁé’é ?J}’jf‘ridjﬁ‘fﬁ u’}rﬁi: s 1 ;’}, N E%_?_]! i}u%;:}ﬁ‘_‘

n,m?’

2 P L EE S Nes (4 ) (4. D)

= (4.2)

A=Y aH,
n=1

LT g ML R o 2 BM U B 2 RBdo i AR R 0 3SR SRRl At T A e
REF O TR FR Y O EE IR E R R O AT ioE s PR

4.b)

likelihood function 4= :

M N
P, |®,A) = cN(O, | Y Wyt Zy) )

m=1 n=1
27 0={0..0r} 3 RIFEF FABRIEA 7] > M5 O R & % 2THP > Cp 3 ¥ m BIR & F 2797
g E o
BET DGR CHE R AP R R ARTRR LR E G, 0 LRK P S QD) 4

R T M N
QP D) =D 7, ®IogN(0, | Y & W tty, i) ©)

t=1 m=1L n=1
¢ O0={0,..0/} 537 FicStlic O ffﬁ) w A EfeRTap AL E oy, ) EF mBRES
#reoccupation 5 0 H o N 4eT

¢ P, (0 |D,A
7m(t)= Mm m(t| )

> CPu(oy | @A)
" ™)

Ehvsdeg, B AIE o BT RS (6 AT AT
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M(&li&z vvvv aN)— Zzym(t)[ot Za Wn:umJ Zml[ot_ZN:&anlumJ (8)

t=1m=1 n=1

N
B R BT LT D 0 =1, 200 =1~ N > 2 (8) 5 - £ rUdIiF 2 A i 1 AT
n=1

(constrained nonlinear programming, constrained NLP): # 43 %% » #ri L . & 1 - 237

5 B U e - AT P A “,’f v B o N deT
p,=loga,, n=1~N )
BETVHRESFB)EA AT

t=1m=1 n=1 n=1

o R T M N T N
M (B, Byrs i) = —Zzym(t)[ot —Zeﬁ"vvnum] zal[ot —Ze”"wnum} (10)

aM(ﬂlvﬂ’\zw--,ﬂN) =0’n=1___ N > 7 1u %E'I'J" o+ i?_ AN g T o
P

E‘J%’F‘}E’ i ®

T M . N5
Z Z m (t)|:(eﬂnwmum)T z:rinl(o(t) - Zeﬂlwn/um):| =0,n=1~N
j=1

(1
R AR S TR - AT ERE B 0 R R KB EY G BT R AP

a, 7o N=
2e (12)

BisF R EN a2 > 3 Repp £ € Ecacs b PRI KGO FBRLE
r3tF(4a)g(4.b) > v E R - e i e GMM 3% F Ficdl -

s 45 (EPA)

L B AAEE A T RBEh A PR Y R A FREOE AR L 8 L R
- R LHA > dobi-gram & £_DHMM > F & < B3V RIREAL AR 3L > A 3% 0 BPA &
o R VR PRLER G T o JIr R L 0 B D B BBl S T e

EPA eni®i 4 & § 83 —’ﬁ%%wli’v A S &F e #8P (document retrieval ) R AL o &
S WA gp B S B fI* - 12 vector quantization (VQ) 2 = engp 240 » p do ke
BEKRERA FF- BRI 2L AR I RFAPERF 0L § S EMER - BF
Flr or @D agp M E 2R EMEF L DI 2 2 o R L R kPR
e ErEEE 2 —%Fi MM GEE o {838 * latent semantic analysis (LSA) &4 47 >
Er - BEHEGRERLZF O AR FIREES '#f?i’zé%ﬁ g4 (constellation) » B {8 1 *
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FRER L MR AR (query) @ M 3B B4R i W

MTAEILEY ARV ARG AR AR 3.2 8¢ 41 BB R, Tt
B b F BR &Y T HTIMIT AL 2 [9) 12 4 ESPS #c 88 i% % @ % < snack #48[10]-
FeHdigen i Fr TIMIT #4 B2k e 328 > wd-H onF 5% (HTIMIT #4
BEEFHRFADTHGLET &) 5P 9T H IO ILE & -

prosodic sequences of > 4
features prosody sates - 1
prosody
Pr :
Prosody osody keywords  [Corocturrence Matfix
State keyword A
. : 1 =
T parsing : *
VQ-based
S— 2
high dimensional
prosody space eigen-prosody eigen-prosody
analysis (SVD) Space
A |— U dlvy . v
a .

Bl= ~ EPA ch% 4 W]
3.1. VQip &35 p o35 Bk B se
HASEZET = St e Al
Flo g s A R s AR T BRI e 23 (1) - B

% B B A S (pitch slope)frm B ehat £ %1 (lengthening factor) » (2) & B2 5 B ah¥d

BEF (pitch jump) &2 (3) & B3 & F g3 & is £ & (pause
duration) o B FB= N 4o = 277 o

#cic £ (log-energy) £ o3

4 “ﬁip w3 5 M % (context-information) g &% i > & F Ry &

% 3 A HEE AR S ERRI R SR T U ER AR ESARSRE Rt 2

e

L = X = Uoel
o-vowel (13)
BOX SR EREE Uy 17 O B BRI hs 0% 5 21T Reen® 150 fo

%ﬂ& > m X & eP f—%—#ﬂi%& —@J- I ’"'Tlﬂﬂ‘J ".f‘:é%% o
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3.1.2. mVQ 5 Ad#2 fpEn L #3

T Ok o A PRRGE T R AR e AR VQ A ES N s N FE 2SS N B
codewords > Rl B codeword ¥ 4 3 — T3 B 0 JpteE 2 - AR o
LR g aE 2 2 JRERCAI R K 0 T A I HTIMIT F4 R P 3op 35
(senh) 7§ FA4L 22 = - B 8-codewords p & H#-3] > # & # codewords eH/f < E4e& — #7577 »
BEMSELOs 4ok =)o S A5 B codewords sn/fw & > i35 B codeword As1F @ )
Wizl o fri R BEEHEL2 {5 7 A Ay g cordwords( iz £8P B SLRLRR
4k & (prosodic state)) 1L 7 & o B k> RE 67T M A o F > FILREC T
% 7 §p & ¥ FA2FE (phrase-start) & f& > & & 3 v 4 s pause duration ¥ lengthening & &
¥ pitch jump ¥ energy difference $=+ > #1003 frd ¥ 10 & 77 A & & =0 & @ ¥r(major or
minor break)k i > o L FEP A VQ e 2 > SriB R ehE BRA L L G HFRILED

Z - AU HTIMIT 342 2 m3ap 2 F (senh)2 38§ FAL 9" 4 2 8-state VQ iR & H-3] -
6

Feature/State|1 |2 (3 |4

o
~
©

Pitchslop  {-0.1{0.7 |-0.1/-0.2]|0.1 |0.3 |-0.2|-2.5
Energy diff. |-0.4|-0.5|-0.8/-1.9]-0.1{0.2 (1.3 |0.1
Pitch jump |-0.2|-0.2{1.3 {1.4 {-0.1{-0.9|0.3 |-0.6

Lengthening (0.3 |-0.5{0.3 |1.4 |0.1 {-0.1{0.1 |0.1

Pause 0.4 1-0.5/0.5 |2.6 {0.2 {-0.3({0.3 |0.1
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Z = AU HTIMIT 34 Eip 3% F (senh)iF § T 34 8-state 2 VQ R #3154 - &
FA IS A S A R

Previous| 1 2 3415 6 |78

Next

1 342411256|854|429|1059|2783|919|304

2 1304|599 |255|209|451 |1282|344|192

3 347 (122 |77 |55 |109 [405 |109(43

4 20 |18 |5 |3 |18 |50 |10 |3

5 1074|510 |237|167|348 (894 |286|91

6 3218|1544|621|364|1005|2804|891|351

7 882 |392 |255|102|330 |829 |416|162

8 331 |180 (100(63 (95 (349 (129(98

»

Fi* & 24 VQ 3p =43 e rup ﬁ%%ﬁsﬁﬁiﬁﬁﬁ‘—%f&%&ﬁﬁﬂ% SRR G R AR
Flo vt g~ iplsR e 3 kg A1 RO LY SRR L (,@%}.-gaﬁiéé%ar]}?]v: BT TR
or

T B R P EIEY T state 6T R A g (R P FACE ) stated B 7 & (major
break) °

~=lol x|

File Edit Transform View Help

BH| S| tBR| & & H k| oo

M-Il H® X
- Am\/\mmm Al
.pss[ _<SDLJ_<SDF|_<SD_L|LDD| _<SLDl>sgD}sDL| ><SDD|—<SDL| ><SFL| _>_SDD|D| _>SDFJ<1‘IDF|><HFF| _>LLL|
-pSVI —+——+|—+——+|+———+|+——| ++—+—l————|——+| —+———|———+| —+——+| +————|—| +————|+———|—++——| ——+++|
Hz
200 e s R
Kz | I':'.'\,Fk'a M’
4| e e
2 T
e
e I I 0.2 I 0.4 I 0.6 o.ls 1.6 I 1.8 I 2.0 z.z I z_|4 I z.ls I z_ls
pnn | vakfzhbn| | enkliy] ol eththlwbulll | aylc Lkl ql of tlexlihlyler] oulnblhsl ¢ enlnl |  ws
v | | iz| chere|  any]| worapulpura]  1ikelol of fexr| in| your|  owm de fensel
paa [ o o o[ 4 sl oo ] o[ o[ bl o[ o] 4]
B o T T T e —

Rz ~ & 3lhp B 3p Bk B iR o ol -
3.2. EPA & 7% 2%

FIv EPA W 435 % Fhine 2w BH I ¢ 45 (1) T 34 Pih 5 6 A P13 ih M 42
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R BT o (D SR EMESTRL o JUTAT A AR R A PR 0 S
BN %Pf’t?&?@f”’?&g"‘*ﬁ’i (3) 1% SVD & ji# 3 —3p M & B (e > Powi £t
FRERTN BN - MARSFFIEREIE 2 (4) JIT RIRFF ORIREF O S
B FEIEE 7 ik [y e Fé’n;;a%—‘ﬁ%%;&/»\ Heerip| £ o T PP L Feniviz o

e

1M R

AR R e A § T 2 T B (R ) DHAG VA
4 eap B A s ¢ 5 8 33 (singlewords)fri#5 3 (word pairs)» se3t 2 4 =t e
FRr PRI R A e A F DR EAT R BREFR T FARFRA E TS
AL F TRl e SR A e g (TSR M S 2 BN o R A - &
FEAFLOREES -

FRAr HTIMIT 4 E Y 20 & F (senh) 3 F FTAL T F % » il p PRt
AADEFEAYT BRI o AP VARTFADI CHEIRRESFAFAREYEY KD
H3@ odrstate6 1 TE23E a i F4ap S HBEDRSFLEEFL 40 “8-47 >

4" BHERICEGEDOETE -

1
15 8-4
18000 7
16000 8 24
14000 5.1 58
12000
10000 6-2 3-4
3000 36 q
6000 /\
4000
"’MMM /
2008 IR InInanin \|\"\"\"\ﬂ\"\"\ﬂ\ﬂ\l’hl’l\n\n\n\n\n\nﬁ\mmmm lnimininlalalalalnlelnlolo o lolo b ool o) ]
- Y = 2 7§ & = £ T ¥ & ¥ ©

BT ~ 35 &M AL L a3 o

3.2.2. 4 —ihEMEEFHN et

BFNYPEMEWL > s - BFF iR # o R RA S R (parsing)

BT o R SEE BRE K NRE B AN 235 3 oM AR S e £ B
e BF LRI FH ORI B S Lo FE-H R AT F A OMER NS e £

E‘J?@ﬁ— - £ —ik R AL A (LR ) RE&F ek I L RS e L A
B TR A NIRRT R R (F A R PR A R ) B o
ih B A o ;%—’ﬁ —IpEMaFM GeL A ¥ig- H 8+ term frequency-inverse

document frequency (TF-IDF)= iz [11]) (F4cig
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3.2.3. HEBEALAN

gi TP-IDF 4c 48 (6 erig % —3h M adsP M (e A> % - e > v i qlr 3
PEAPHEAE R A e B DEREH A BB ERA EHEe £ KT A
~EEMEREIRT L SD A RN A AT

A=UsVT = A =U, 3, V) (14)

He AU ANV A5 5 AUZAVT & f 4Bt 9% f (rank-reduced )41

F AR CHTIMIT SF4 R (44 F % > #1534 > BRI MARFHIEFEZT 4o
Bl 2=z B2 6] &yt b]¢ »state 2 & pause duration &“&h @ state4 & 3 £ major
¥ minor break > ¥ L#EE Rt o BRE AR DL T & o A REE RARESA S SRS R

IR L & o d 70 HSVD AR T MR e f AR 2 R ko

Less breaks

Keyword
Speaker | |

Fast speakers

£
4R

Dimension 2
o
F K 4

*
o

-0.05

Slow speakers

*
Foow x

*

Il Il Il Il
0.02 0.04 0.06 0.08 0.1 0.12
Dimension 1

More breaks

3.2.4. 4 FERA BBl R

B ST P SRR A f AP E T B EEP R AL o R~ L RIREE F RE S S
ol A SR R R ST A T I SRR AT L AT R BB Ryeo £ I S
(15) #H{ P I P EFFLE > FI538 + £ (query vector) vo
T -1
Vo = YoUk 2k (15)
T ORRF A AR e Evefed 1B P ;%—‘ﬁ % v B & & c4p5% 8 (cosine of angle) »

KPP BRI E o % (B FF 2 Maniedt > J 7 A b 5 hW SR EE L AR R 33
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_:!z ) _grgl: BT o
g g BPA 32 AT E IR R R AP mF KBTI - RARFF R ESR T
EAFE > TF I EALEAFF IR FIATE Bl p b 0 W UG R

SEL » E U fRAR T AR LR 0 KA 2 D SRR A AR AL -

P

Eigen Prosody Space
0.z T T T T T T
prosody keyword
+ testing speaker
015 training speaker T
—&— training vector

0.1 H - testing vector

dirnension 2

1 1 1 1 1 1 1
0 0.0 0.02 0.03 0.04 0.05 0.06 0.07 0.08
dirmension 1

Bl= % B AR B g B Ss 62 isns

4. EPA » ML-AKI +MCE = MAP-GMM/CMS g &

o
W

flr BB EANLEF AP BF o BF L ML-AKI+MCE > 2278 * jpi2 Loan
EM’?Hé—ﬁﬁﬁ’Hﬁﬁﬁﬁﬁmﬁﬁﬁﬁ%ﬁ°ﬁ%WQﬂ%*%%*m i ARE Led
¥ iF > 5§ & ML-AKI+MCE > EPA £ @ 0 MAP-GMM/CMS % = 2 chysstm e > 1 B & 88 o H 7%
Wi e

A5 kg & ML-AKI +MCE 22 % 5 MAP-GMM/CNS = /% » 3 & 8.4 & Bl 9 fc B o 7 sk o
FR TG ETE R R BEE T - 80 ehA foiE B Tt % ML-AKT +MCE Syt #
fo s NS & A2 FFaB2 Adlcf s H e e 3 (16)

52878 gy (578

51 [oX

* (16)

He QAR EFE, s, fos, 23 B L RngEu A, 5, 5, og frog A B 5 s fos, ol Btk

RELF L i A e BPA FRAR A Bl - KA MRS 0 L S A @ 7 signod &
oo dest 3 (1) 957
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= *
Sga

1+exp [

1

— |+ (l-a)*
r 53753]
std(ss)

1)
1t+e std (54)

(17)

Bd o s BEN B s frs, 5A B RnE LS B yipdIR e ARBAER S 0 5, 0y r

o5, & B 5 sy frs, il ek L o

MAP-GMM/CMS

MFCCs ——=--

Speaker
recognizer

Speaker

ML-AKI

Input
Speech

Prosody
Features

EPA

LB TR

¥ 12 leave-one-out > 3

5.1. HTIMIT ## £

MLLR Matrices
{Wn,m,Hn,m}

recognize

AKI-GMMs
+MCE

S4

Speaker
Recognizer

N
Prosody labeling &
EPA Projection

J

VQ-based

_ ) Speaker
Prosodic modeling

vectors

5. % IHLY

Recognized
speaker

B2 kS T R R oY 75 AR R O HTIMIT AR

T EhF ok o 1 90 P HenE % TA S o
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HTIMIT #_# ®WLinguistic Data Consortium (LDC) #r% 7 ¢hiE 4L & » d Massachusetts
Institute of Technology (MIT) #7%&3* > B P % RFHTHEEF 2+ 7 ﬁaﬁi{@%%ﬁ?’%m,f %
S L HTIMITRTIMITHF M RS- bR EmF a8 Wla 2> 29 & 39400 |1;§
# 4 4% 10 B &+ (¢ * Sennheizer® & F & suh > senh) Pt T Rip 3 > L GEE 4 A
B F LA TN E B Y SRR AR E S 0 R LR e AR
F(cbl~4) ~ v B3 F st (ell~4) > fr- BRERTFEZF (ptl) #ras o FFEHix i 57
3 F ~ 7 Ftransducer > -+ > % > # 7 cb3 frcbd 3 FALE R LF G v Pl B Eu L .

5.2. R=F©
9 S CHTIMIT 38 A2 B~ ) 302 38 % » ¢ 3 151 7 gt 151 ~ B3F % - rachdicie »

38 & MFCCs» iz f 4P~ MFCCs P> # filterbank &g & 4] 5 300~3200 Hz> 14 4= # & #= handset

PP B3 F e R PR # * snack B8 0 X TIMIT ¢ 3P /a3 & 8] =% -

T %> 4 leave-one-out * M IFL R HK 0 F - mRHK 0 TR F 2F 2 senh FF A2
PR S G SRR TR R - B R AR (senhipeh) o @ A4 BEEF YL
BeAvihoo WYV ETPIRFEREE RS e BlEGET AR (1) RBEFE <RI senh P
ST AT AR GE AL :E'Jaér% P AR BRI R R

gh’r’ﬁ ?éjﬁ‘ A BT IR 0 (2) @ AAREN S 0 PIRPE I senh 3 0 9hhg 354 e
FHVPGEFHCA RRER S RIE - B AR LA TR RREE R 1 E
LREEF S AER
gk GMM 3% o3l i@ * 256 & #ri8 & deh MAP-GMM [12] > % i * 33 % & = 2 B | 48 303w
FOE 50 MAP-GUM 5% % 531 [13 > 14] VQ 43 #6531 Rl * 32 mixtures (4% 2 8-state VQ
B RRR Y )0 £ 45 0 432 aip M A TR M AR B R S 4324302
FHIP BT FRIEAH T RIS DM

5.3. FHES

BRSSP R A MAP-GMM § (T A 1t ONS B S g E el okl B B kAo d 2
fodom 277 o MAP-GMM/CMS = i éh- i 3d F eht 3053 F 58y 7 i 1) 60.2% > F 7 373
(senh) - R 5 58.5% - fe i~ fI% 3F 4 & & 2 b | g5 3582 0] (MCE) [13) £ =393
HHA 0 R R enT e I RLS T S 1 61 9% 0 F A e 2 F (senh) > RIS 60. 3% -
T kA ordr A e ML-AKT 2 2 0 217 leave-one-out F & 0 B4 #F &% (£ 90 < F
B ) T EFEFRLF TR 13T (odk 2977 )0 R T R DR ITEF T &I D
Mk RIS AR R ST 5 SRS T & 1] 65, 0% (dodow #ton ) o B ML-AKT 2
FHE wR A O TR GO I ok o
7 % # MCE 22 ML-AKI dfptcde s > ¢ * NCE # i #6 e0 GMMs 1% 5 ML-AKI &% #03)
(ML-AKI+MCE) » & = MAP-GMM/CMS #5434 #icf & » i {7 leave-one-out § & » I 11 4cFl 4 7
T S H AR EREEE PR KT IEFE IRV LA R T4 9% (Ao = 4T )
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fE R B R AR FR &I B D IO AR R BT g iR T &
3] 69. Th(4e e 77 )oBim Fen i B & 2 37 B LA 3 A R LS 2 ML-AKT
+MCE & MAP-GMM/CMS sfg € £ 595 4 v+ - » 8 € i £ ML-AKI +MCE -

Bfg A g fpse b EPA 2 2 T IFFRLA R & 0 - $RiE (7 leave-one-out F B 0 I 11 4e ]
LT N R R E L 0 R BT RDTIZF F IR T R I T79.3% (dok = 4F
) FRA R R OAEF R &I ko Bl XA RF R &RATIEFErRLET
FAT) T46% (dodw 7 ) AR RN LB EE N LR LG AN A enI Ak > AR

B ER LR e E L Sz

R

2= ¢ A HTIMIT #=H 2+ # * leave-one-out ¥ 3> 3% » TR L 3 297802 % 3

e

.
-k

SRR R ket h b

> senh | cbl cbh?2 cb3 cbh4 ell el? el3 eld ptl | Average

(1) MAP-GMM/CMS | 75.1 | 70.9 | 73.8 | 30.5 | 35.8 | 73.8 | 63.2 | 58.9 | 65.2 | 54.3 60.2

(2) MCE 75.8 | 70.2 | 75.5 | 32.2 | 38.7 | 75.2 | 64.6 | 62.3 | 67.2 | 57.0 61.9

(3) ML-AKI 84.1 | 78.5 | 82.2 | 50.8 | 63.3 | 83.7 | 76.1 | 70.5 | 78.4 | 69.4 3.7

(D+(2)+(3) 86.1 | 81.7 | 84.3 | 49.9 | 62.5 | 85.4 | 76.9 | 74.8 | 77.9 | 70.7 4.9

(1)+(2)+(3)+EPA | 89.1 | 83.0 | 87.1 | 59.7 | 67.1 | 88.5 | 80.1 | 79.6 | 82.4 | 76.6 79.3

#w & HTIMIT 3R+ & * leave-one-out F &% > ;' » PR R LF - BT %KY AHEF

F_‘.

B EI 2 FRLE 0 BT AR T 0 K SRS .

s cbl ch2 ch3 cb4 ell el?2 el3 el4 ptl Average

(1) MAP-GMM/CMS | 70.9 | 73.8 | 30.5 | 35.8 | 73.8 | 63.2 | 58.9 | 65.2 | 54.3 58.5

(2) MCE 70.2 | 75.5 | 32.2 | 38.7 | 75.2 | 64.6 | 62.3 | 67.2 | 57.0 60. 3

(3) ML-AKI T7.5 | 79.1 ] 32.5 | 50.7|80.5|59.9 7.2 | 735 60.3 65.0

(D+(2)+(3) 80.4 | 82.8 | 38.1 | 57.0 | 85.4 | 67.2 | 74.8 | 76.5 | 65.2 69.7

(1)+(2)+(3)+EPA | 83.4 | 84.3 | 45.7 | 62.6 | 87.1 | 74.8 | 79.5 | 80.8 | 72.8 T4.6

0l

" " : : = ;
T4+ -
T2F B

it

- ]

#a

s

it

ES

B st B
(=(=3 3 B
B4 | g

o1 0z 03 0.4 0.5 0B o7 08 0g
arfaflEl

B 4 ~ & ML-AKI+MCE fo MAP-GMM/CMS 4 #cpF 8 € 1 & & 7438 5 2 M
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i

. . L . . . .
0.1 0.z 0.3 0.4 0.5 0.6 0.7 (=] 0.8
artafE

B+ méEFniafEnlifagEaymiyL i

EX
o

5. 4. F BB e

-nu\-
Y
-%$

AR B R R A B - o o % @A CMS B2 % MAP-GMM ERAiRrsrS Sy
- A é”fi A ] BRI R DVMGE ] 0 £ At b Agm e A i ML-AKT
feBPA 22 0 73 AR FET 0 T3 %"ﬁ%’%}i’s‘—r d 60 2%% - 3 79.3% 0 B TR EAE
FooRITmE A RS Tl GG T TA 6 TN RSB TRFRATEFA T 0 5
BR 72 45 enge 2 o R ER AP etk ) e ML-AKT - MCE 4+ EPA #3038 F 7 7 fe i 48> Sy i
FlApd AR e L o
¥ebd B4 fe®l - A7 0 7 o5 20y MAP-GMM/CMS fo ML-AKTHMCE f & P - # i g £ <o dic 5
0.9+ —g Ba i £k ML-AKIHMCE & A # 2 ymnB2 Ao @ feEPA g & 16 > T RECE e &
shihfics 0.7 228 < 300 B £ 2 ML-AKI+MCE cha dic» e £ 2 {5 » ié’?%‘k?’?f‘** # = 7
79.3% FF A sk = > #rud gt 8 40 EPA 4o ML-AKT +MCE £.24% £ 5 3 4F (e o

%0

79.3
&0 T 5 JER]

. — 69.7
602 555 618 603

60

50

O 57 4 35
40— CEETY

30

(DMAP-GMM/CHME [ZIMCE (3ML-AKI (D+H2)+3) (L+HZ)I+HEHEP A

B+ - ~ & & MAP-GMM/CMS - MCE » ML-AKT £ EPA % = ;2 » & HTIMIT :##42 & + i * leave-one-out

o S I2 TISF R yRLE O R RRE - P R 2 A TP L T R
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R BHRE R RGER AL RS E PR S F AR A B o
Boo| &5 RS 50 R 2 MAP-GMM 3% 4 #5631 > ML-AKT fof =30 & & = 0 EPA 4~ 47 = & HTIMIT
FoRg s kg o TI9F FFERLS ¥ ALH 50 MAP-GMM/CMS <7 60. 2% > # = £1 79.3% > » ¥ = ¥ 3

AT IR 0 T SRR T A58, 0 A T T4 6% Fl BF AL AL mﬁfz
EOoHEV HWEF A TRFEEI - SRR A AATEF S o000 B i
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33 I G R 5 (1) Ll GRS T A SRR 8 373 ( phone
recognizer ) - ¥ ﬂ:ﬁis,] »ERend 2 B 7| (phone sequence ) £ d § 2 AP A A F
(language model ) - & y¥sniE Az Y » Bl E3- B REF S 5 2 A 78 N-sd <2 (N-gram ) R
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P(W | W—l) =

W ={Wo, Wy, We 8, 8 3125 N- v 5585 103l AT, 2 sk 0

58
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Abstract. TF*IDF-based methods, as they are easily to implement, are widely accepted in information
retrieval industry. It is interesting to investigate a feasible and practical technique to improve the
retrieval performance of these conventional IR methods. In this paper, we are going to introduce a
good alternative approach that uses passage-based ranking as the second stage of the retrieval process
in them.

1. Introduction

Previous research has shown that passage-level evidences can bring additional benefits to
document retrieval when documents are long or span different subject areas. Callan (1994) addressed
that the types of passages explored by researchers can be grouped into three classes: discourse,
semantic, and window. Discourse passages are based upon textual discourse units (e.g. sentences,
paragraphs and sections). Semantic passages are based upon the subject or content of the text. Window
passages are based upon a number of words. Kaszkiel & Zobel (1997, 2001) also investigated the
effectiveness on using passages for information retrieval. Their research showed that passages can be
used in different ways. One is to provide a good basis for a question-and-answer style of information
retrieval. Another approach is to use passages as proxies for documents, and documents are ranked
according to similarities computed for their passages. It also addressed that fixed-length arbitrary
passages of 150 words or more and starting at small interval so that the passages heavily overlap can
give substantial empowerments in effectiveness, particularly for collections of long documents.

Recently Liu (2002) further demonstrated that passages can be used effectively in a language
modeling framework. They found passage retrieval based on language models can provide more
reliable performance than retrieval based on full documents. The previous works have proven that
passage-based retrieval can get better performance than document-based ones in different applications.
It’s unfortunately that conventional passage-based retrieval most calculates documents ranks with the
aids of passage-level indexing and single-stage processing. Although this can reduce the computing
cost of passage-based retrieval, it is not flexible to consider the contextual effects of matched query
terms in a passage and determine an appropriate weighting scheme through the access of indices. In
some cases, it needs to analyze the content of document, for example, to determine if the occurrences
of the matched query terms are appearing in a critical passage. Our research on passage retrieval is just
at the beginning. Our long term research goal is to adopt sophisticated text analysis in combination
with index-based ranking schemes to reach a balance between retrieval speed and accuracy.

The purpose of this paper aims at developing a practical approach to improving conventional
TF*IDF IR methods, without the involvement of using some sophisticated techniques such as query
expansion and ontology-based ranking. The goal is not trivial. As users’ queries are often short, only a
few conventional IR systems provide query expansion.

It’s getting popular to improve performance by using a 2-stage strategy in retrieval task (Kwok et
la., 1998). Nevertheless, most of the researches used pseudo-relevance feedback as the 2™ stage.
Unlike them, the proposed approach is a two-stage retrieval process that uses passage-level analysis as
the second stage in the retrieval process of conventional TF*IDF-based methods. The first stage utilizes
an Okapi-based ranking algorithm to retrieve top-n relevant documents as an initial set. The passage
features are then used in the 2™ stage to try to filter out irrelevant ones from the set. The proposed
approach has been tested with the Chinese monolingual IR task of NTCIR-4 (Kando, 2004). The
obtained preliminary result shows that the Okapi-based approach can be improved using the two-stage
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process and passage-based ranking. Though the archived performance is close to NTCIR4 participants’
average, the proposed approach is believed easier to be applied in commercial applications.

2. Related Work on NCTIR-4 Experiments

In this section, we will review the performance of Chinese-to-Chinese (C-C) monolingual runs
achieved by NTCIR-4 participants. Table 1 shows the obtained average, median, maximum and
minimum values of MAP by type of run based on rigid relevance. We use following notations:

C-C-T: all C-C <TITLE>-only runs (T-runs)
C-C-D: all C-C <DESC>-only runs (D-runs)

Table 2 shows the top 5 groups tanked according to MAP values of D-runs based on rigid
relevance. 12R-C-C-D-01 which was based on ontological query expansion achieved the best

performance. The research work of the top three groups is briefly summarized.

Table 1 MAP of overall C-C runs

Average Median Min Max
C-C-T 0.1943 0.1881 0.1327 0.3146
C-C-D 0.1826 0.1741 0.1251 0.3255

Table 2 Top-ranked S groups (C-C, Rigid, D-runs)

Run-ID Mean Average Precision
[12R-C-C-D-01 0.3255
OKI-C-C-D-04 0.2274
Pircs-C-C-D-02 0.2150

RCUNA-C-C-D-01 0.2087
UniNE-C-C-D-03 0.2011

I2R: Using knowledge ontology. (Yang et al., 2004)

The I2R group has built knowledge ontology for query terms by using a search engine on the
Internet with manual verification. Firstly, they automatically extract terms from documents and use
them to build indexes; secondly, they use short terms in the query and documents to do initial retrieval;
thirdly, they build ontology for the query to do query expansion and implement second retrieval.
Finally, they use long terms to reorder the top N retrieved documents. The knowledge ontology appears
to include narrower terms, related terms and so on. They combine information from the ontology with
that from pseudo-relevance-feedback to expand query terms.

OKI: (Nakagawa and Kitamur, 2004)

As widely known, pseudo-relevance-feedback (PRF) of blind feedback brings us improvement or
retrieval performance. Some research groups, however, challenge to use non-standard PRF methods.
For example, the OKI group adopts Ponte’s ration method (Ponte, 1998).

PIRCS: (Kwok et al, 2004)
For PIRCS group, Chinese monolingual retrieval was performed as before (Kwok, 2002): based on
combination of retrieval lists using bigram + unigram, and short word + character indexing.

3. Two-stage Document Retrieval

In our research, we pursue a simpler approach that can achieve acceptable performance. We
propose a two-stage passage-based document retrieval approach. The retrieval process performed at the
first stage is similar to that in conventional n-gram-based Chinese IR systems. That is, all unique
character unigrams and bigrams in a document except some stop characters will be extracted to form
the term vector of the document and a TF*IDF-based weight value is assigned to each term as its
significance value. In addition, an Okapi-based similarity estimation function (Robertson et al., 1994)
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is adopted to estimate the relevance score between the input query and each indexed document. As any
two feature dimensions of a vector-space model are assumed independent, at the first stage it doesn’t
consider the contextual effects between the query terms and the document of concern.

The second-stage process is proposed as an additional retrieval process performing detailed
passage analysis. As shown in previous research (Callan, 1994; Kaszkiel & Zobel, 1997), passage-level
evidences can bring additional benefits to document retrieval when documents are long or span
different subject areas. The additional process re-examines the occurrences of the query terms and
analyzes their presences at the passage level of a document. The addition of the second-stage process is
tried to investigate if there is a simple approach to improve conventional document retrieval methods,
without the involvement of sophisticated techniques, such as query expansion and ontology-based
ranking.

An overview of the two-stage document retrieval approach is shown in Figure 1, in which some
techniques and strategies which are planned to be tested are listed.

Stage 1 Stage 2

4 Passage Characteristics }
|:> » Max Coverage of query terms in one passage

uni-gram Okapi + Containing-term-passage proportion
& bi-gram BM11 + Headline match |
index weighting Source of query terms

« CKIP / CKIP POS'
« local query expansion
» web-combined long phrase

[Reduce document #] [ Re-rank documents |

Figure 1: An overview of the two-stage document retrieval approach.

3.1 The Stage One Process

As described previously the purpose of the first-stage processing is to form uni-gram and bi-gram
feature vectors for input query and all documents, and an Okapi similarity estimation algorithm, i.e.,
BM11 defined below, is adopted to retrieve and rank these documents. For more information about
BM11 can be referred to (Robertson et al., 1994).

tf N-n+05 qtf (A —d)
BM11 = g % 1 2 ATd)
(BM11) YEE Ly (% ar0s S Teean T PXMETY)

N: Number of items {documents) in the collection

n: Collection frequency: number of items containing a gpecific term
tf: Frequency of occurrence of the term within a specific document
qtf: Frequency of occurrence of the term within a specific query

d: Document length arbitrary units

A\ Average document length

k;: Constants uged in various BM functions

To realize the achieved performance, our research was conducted based on the Chinese
monolingual IR task of NTCIR4 (Kishida, et al, 2004). We tested the Okapi-based approach (the first-
stage processing) and the obtained MAP (Mean Average Precision) value was about 0.18, which is
close to NTCIR4 participants’ average and is thus taken as the baseline. The obtained MAP value for
each test topic is shown in Figure 2; and as in Figure 3, it was found that for most test topics the
obtained recall rates of top 10000 retrieved documents are very high and almost close to 1. The second-
stage process is, therefore base on the answer set (retrieved documents) to re-rank some relevant
documents to higher position.

71



0.7 1
08 I
0.5 ’ ‘ + 3
04 A2 W 1“ n, e B |'s —+— W AP okapi t
Sl 717 . S N S W B BT
VO 2 T 410 04O V1Y 2
o Y A P L T
5 R AT N
TGN AT S AL
RAAT VY IR q&& &“a‘“fé ) PR ,g’ W e
e*ﬁ @'}*@ﬂ;&*,xﬁe}f@ x"‘&“?' B ;&;Q@@*&@ IS ‘ﬁgf;@w%
& Q@C? oF v@%- y @9 Q@W ¥ o £ A \,@ p Dol @ B@é &f \&@“@@ &
I & & v ¥ @'@ Gl - @L.’f-"
WAl & e
Py '0457’ s @t
£ o ¥
S e S
s ral
L

Figure 2: Obtained MAP values of top 10,000 retrieved documents using Okapi BM11 in
NTCIR4, in which ¢ means the result of title run and d is that of description run.
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Figure 3: Obtained recall rates of top 10,000 retrieved documents using Okapi BM11 in NTCIR4,
which are with respect to each test topic.

3.2 Observation after Stage One Processing

As discussed conventional Okapi algorithms treat term as independent entities and ignore semantic
or locality properties of terms in documents. According to the answer set, we observed a few
interesting properties of passages that can be further analyzed.

We examined the answer sets with four types of relevance in answers: highly relevant (S), relevant
(A), partial relevant (B), and irrelevant (C). There were three features to be observed. An interesting
finding is that relevant documents (type S, A and B) have a higher chance to contain matched query
terms in their passages than irrelevant documents. The finding attracted us to do more experiments to
be introduced in the next sections.
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Figure 4: For most topics, relevant documents (S+A+B) get higher ratios of passages with matched
query terms than irrelevant ones (C). Left: NTCIR4 title run. Right: NTCIR4 description run.

4. Passage-based Retrieval & Experiments

The second-stage process performs passage-based retrieval. The documents retrieved at the first
stage will be segmented into passages via period markers in text as passage boundaries. In literature,
passage is often defined as fix-length short article, and every passages are half-overlap with previous
one. Passages are indexed and ranked, and the relevance of document is decided by its passage. If
passage is taken as the unit to calculate scores and rank, the retrieval cost of passage become several
times of that of document. In our work, we see a complete sentence separated by periods as a passage.

Query terms are main factors to effect retrieval outcome. Our Chinese segmentation tool is
powered by the CKIP group, Academia Sinica. Because our test data set is a news story material, some
news events use new words or longer terms that dictionary don’t cover. We used the Web as the corpus
to segment unknown words and extract longer terms. By sending all words in a query to Google, we
can get a result that some words are frequently concatenated together in search result snippets.
Adapting these combined phrases was found can remedy the lack of new terms in the dictionary.

The ranking policy is based on observation on relevant documents in which query terms are often
concatenated in one paragraph. It is curious to know if using query term coverage in passages to re-
score documents and change ranks of retrieval results could archive a better MAP value. We match
query terms for each passage and increase the score of the document based on original score. Several
passage-based ranking strategies were proposed and tested.

4.1 Passage-based Ranking
1. Ranking with Average Term Coverage of Passages

In the first experiment, the relevance value of a document was re-scored as the weighted sum of its
Okapi score (the value of BMI11) and the average term coverage rate of the composed passages
(namely Strategy I). The term coverage rate is the percentage of the unique segmented query terms
appearing in a passage, and the average term coverage rate means the average value of all passages’
term coverage values. This experiment was performed to see if the addition of passage ranking score
can improve the Okapi result. Figure 5 and Table 3 summarize the result of the experiment, in which
the obtained MAP values are depicted with the change of the weight w from 0 (only using Okapi score),
0.01 to 0.10. The best results were obtained at w= 0.03 and 0.04, which perform better than that only
using the Okapi score.
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Figure 5: The MAP values obtained with Strategy I, which are depicted with respect to the increasing
of the weight from 0.0 to 0.10.

Table 3 Selected 11-ponits precision rates obtained with Strategy I when w =0.01, 0.04 and 0.07

Recall Precision
Okapi Passage % change Passage % change Passage %
w=0.01 w=0.04 w=0.07 change

0.00 0.4985 0.5199 +4.29 0.5360 +7.52 0.5319 +6.70
0.01 0.3729 0.3902 +4.64 0.3885 +4.18 0.3938 +5.60
0.20 0.2817 0.2999 +6.46 0.3094 +9.83 0.3063 +8.73
0.30 0.2496 0.2479 -0.68 0.2486 -0.40 1 0.2505 +0.36
0.40 0.2091 0.2147 +2.68 0.2193 +4.88 0.2074 -0.81
0.50 0.1742 0.1817 +4.30 0.1853 +6.37 0.1798 +3.21
0.60 0.1501 0.1530 +1.93 0.1574 +4.86 | 0.1487 -0.93
0.70 0.1169 0.1193 +2.05 0.1195 +2.22 0.1186 +1.45
0.80 0.0920 0.0944 +2.61 0.0928 +0.87 0.0923 +0.32
0.90 0.0680 0.0695 +2.20 0.0754 +10.88 0.0749 +10.14
1.00 0.0476 0.0477 +0.21 0.0519 +9.03 0.0511 +7.35

Avg 0.1847 0.1906 +3.19% 0.1935 +4.76 % 0.1900 +2.87 %

Precision

2. Ranking with Max Term Coverage of Passages

In the second experiment, the passage-based relevance score of a document is measured as the
maximum term coverage of its composed passages, that is, for a document with three passages and the
query with four segmented terms. If three passages contain 3, 1, 2 query terms respectively, then the
max term coverage is 0.75 (3/4). That is quite simple to calculate. The relevance value of a document
was then re-scored as the weighted summation of its Okapi score and the new passage-based relevance
score (namely Strategy II). Figure 6 and Table 4 summarize the experimental result, in which the
precision rates obtained with the addition of average term coverage to the Okapi are depicted with the
change of the weight w from 0.0 to 1.0. The best result was obtained at w= 0.6, which perform slightly
better than that using the Okapi score but worst than using Strategy 1.
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Figure 6: The MAP values obtained with Strategy II, which are depicted with respect to the increasing

of the weight from 0 to 1.

Table 4: The MAP values obtained with Strategy Il when w =0.4, 0.5 and 0.6

Okapi Passage % change | Passage % change | Passage % change
w=0.4 w=0.5 w=0.6
Avg. 0.1847 0.1889 +2.27% [ 0.1888 +2.22% [ 0.1892 +2.44 %
Precision

3. Ranking with Average Term Coverage of the Top Three Passages

In the third experiment, the passage-based relevance score of a document is measured as the
average term coverage of the top three passages. The relevance value of a document was then re-
scored as the weighted sum of its Okapi score and the new passage-based relevance score (namely
Strategy III). Figure 7 and Table 5 summarize the experimental result, in which the MAP values
obtained with the addition of average term coverage to the Okapi are depicted with the change of the
weight w from 0.0 to 1.0. The best results were obtained at w= 1.0, which perform better than that only

using the Okapi score.
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Figure 7: The MAP values obtained with Strategy 111, which are depicted with respect to the increasing

of the weight from O to 1.

Table 5: The MAP values obtained with Strategy III when w =0.8, 0.9 and 1.

Okapi Passage % change | Passage % change | Passage % change
w=0.8 w=0.9 w=1
Avg 0.1847 0.1955 +5.85% |0.1962 +6.23% |0.1977 +7.04 %
Precision

4. Ranking with Percentage of Passages Containing Query Terms
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In the forth experiment, the passage-based relevance score of a document is measured as the
percentage of passages containing query terms. For a document with three passages and the query with
four segmented terms, if two of the three passages contain at least one query term, then the percentage
of passages containing query terms is 0.66 (2/3). The relevance value of a document was also re-scored
as the weighted sum of its Okapi score and the new passage-based relevance score (namely Strategy
IV). Figure 8 and Table 6 summarize the experimental result, in which the obtained MAP values are
depicted with the change of the weight w from 0.0 to 1.0. The best results were obtained at w= 0.3 and
0.2, which perform better than that only using the Okapi score.

MAP
0.19
0.189
0188 F /J’\/’\,—\
0.187
g 0.186 - //
= 0.185 e
0.184 \\<
0.183
0.182
0.181
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
w

Figure 8: The MAP values obtained with Strategy IV, which are depicted with respect to the increasing
of the weight from O to 1.

Table 6: The MAP values obtained with Strategy IV when w =0.2, 0.3 and 0.5.

Okapi Passage % change | Passage % change | Passage % change
w=0.2 w=0.3 w=0.5
Avg. 0.1847 0.1887 +222% |0.1888 +2.22% | 0.1883 +1.95%
Precision

4.2 Ranking with “Headline” Matching

Our next group of experiments was performed to compare the results of “Headline” matching with
the Okapi results and the combination of passage-based ranking scores. The NTCIR-4 document set is
a news story set. News headlines normally contain keywords. We assume the query terms appearing in
headlines are more critical. The relevance value of a document was re-scored as the weighted sum of
its Okapi score and the headline-based relevance score (namely Strategy V). Critical keywords may
appear in many sentences. If a document contains many occurrences of the critical keywords, the
headline-matched query terms, the document will be assigned a higher score than that contains only
other keywords. This strategy can help remove some news articles containing with query terms but
irrelevant topics.

Figure 9 and Table 7 summarize the experimental result, in which the obtained MAP values are

depicted with the change of the weight w from 0.1 to 0.25. The best result was obtained at w=0.13. As
can be seen, the result is better than previous set of experiments.
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Figure 9: The MAP values obtained with Strategy V, which are depicted with respect to the increasing
of the weight from 0.1 to 0.25.

Table 7: The MAP values obtained with Strategy V when w =0.1, 0.13 and 0.25.

Okapi HL % change | HL % change | HL % change
w=0.1 w=0.13 w=0.25
Avg 0.1847 0.1969 +6.6 % 0.1976 +6.98% | 0.1953 +5.74 %
Precision

4.3 Combining Passage-based Ranking and “Headline” Matching

The last experiment was to compare the result of the combination of passage-based ranking and
headline matching with the Okapi result. Figure 10 and Table 8 Figure 9 and Table 7 summarize the
experimental result, in which the obtained MAP values are depicted with the change of the weight w
from 0.01 to 0.02. The best result was obtained at w= 0.015. It is easy to see that the result is the best
one that can be obtained in our experiment.
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Figure 10: The MAP values obtained with Strategy VI, which are depicted with respect to the changes
of the weights.

Table 7: lllustrated MAP values obtained with Strategy VI, the combination of Strategy I and V.

Okapi Passage % change | Passage % Passage % change
w=0.01 w=0.015 change w=0.02
HL 13% HL 13% HL 13%
Avg 0.1847 0.2022 +9.5% 0.2024 +9.6 % 0.2006 + 8.6 %
Precision
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5. Conclusion

In this paper, we have introduced a good approach to improving conventional TF*IDF methods.
The approach is simple but practical. It combines the Okapi-based ranking algorithm with passage-
based ranking strategies. The result also shows that using headline matching to determine critical
keywords in queries is useful. A set of experiments have been conducted on the NTCIR-4 task for
Chinese information retrieval. Although the proposed approach is simple, it is believed easily to be
implemented and applied to the applications in industry.
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Abstract

In this paper, we develop an automatic metadata creation system using the information extraction
technology for the Semantic Web. The information extraction system consists of preparation part that
takes written text as the input and produces the POS tags for the words in the sentences. Then we
employ finite state machine technology to extract the units from the tagged sequences, including
complex words, basic phrases and domain events. We use the components of an NLP software
architecture, GATE, as the processing engine and support all required language resources for the engine.
We have carried out an experiment on Chinese financial news. It shows promising precision rate while
it need further investigation on the recall part. We describe the implementation of storing the extracted
result in RDF to an RDF server and show the service interface for accessing the content.
1. Introduction

Semantic Web is an emerging technology working by building a metadata layer upon the current
web and using the metadata description language to describe the resources on the WWW [1]. The
metadata layer is a structured information layer, that is, the information model of RDF [2]. The service
programs built upon the metadata layer can provide an efficient way for users to find the information
they need according to the concepts. Furthermore, the metadata layer supports agents to provide the
function of service automation for users, called Semantic Web Service [3]. The semantic metadata layer
can be constructed either in a manual way using annotation tools, such as Annotea [4] or automatically
using the natural language processing technology [5]. The former approach is good at higher precision
rate while suffered in efficiency. The latter approach can be used to sort out the problem of the other;
however, it needs very high cost to achieve similar result using the manual way.

Information extraction is a low-cost approach to natural language processing using the finite-state
automata technology to extract specific noun sets and information matching specific syntax and
semantic templates [6]. In this paper we employ the finite-state automata technology to extract
information from the resources on the WWW to serve as the describing information of the resources,
that is, the metadata. The extracted metadata is then used as a part in the Semantic Web.

Ontology, the semantic schema used to build metadata layer upon semantic web, contains the
concept hierarchy of specific domain knowledge and the detail features of all concepts type. In this
paper we build the templates for information extraction based on the feature structure of concepts type
of ontology.

A typical information extraction system, such as FASTUS of SRI [7], ANNIE of the University of
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Sheffield [8], is constructed by using a cascade of finite-state grammars. Based on such mechanism, we
can identify the units of words, complex words, basic phrase group, co-reference resolution, identifying
event structures etc., in text. In our implementation, we use components of GATE framework [8] to
develop our Chinese information extraction system. The system in sequence consists of the following
modules: word segmentation, part-of-speech (POS) tagging, name entity extraction, noun group
extraction and event extraction. The word segmentation module is based on matching entries in the
lexicon with the input sentences. We develop a Brill POS tagger [3] in order to provide accurate POS
information for latter modules. Then the succeeding extraction modules are developed by using the
finite-state machine technology. The JAPE (Java Annotation Processing Engine) engine is used as the
basis of the extraction modules. The task of developing the extraction functions is therefore to define
the regular expressions of the respective extraction objects.

The output of the information extraction system is converted into RDF and is imported into an
RDF indexing system, Sesame [9]. Therefore user can access the content of the extracted metadata
through the conceptual search services interfaces provided by Sesame.

In brief, our goal is to build an ontology-driven information extraction system that processes
sentences and transforms extracted data into RDF automatically. The extracted metadata is used to
build a knowledge base. Services of conceptual search and semantic navigation are implemented based
on the inference engine of the knowledge base. In Section 2, we describe the architecture of the
Semantic Web and the related representation languages used to construct the metadata layer. In Section
3, we describe the architecture of the information extraction and integration with the Semantic Web
architecture. In Section 4 we describe components of the information extraction system. In Section 5,
we describe the implementation and the performance of the system.

2. Architecture and Representations of Semantic Web

In this section, we first describe the metadata layer of the Semantic Web and system architecture
for managing system the layer. Then we describe the representations of the metadata layer.
2.1 Metadata Layer of Semantic Web

Semantic Web is an extension of the current Web where information is given well-defined meaning,
better enabling computers and people to process in cooperation. Resources on the Web are given
explicit meaning using markup language to make up a metadata layer in addition to the current
information pool as summarized in Fig. 1. The Web Ontology Language (OWL) [10] provides rules for
defining knowledge structures, i.e., ontology, in order that instances of knowledge can be created based
on the common structures. OWL is an extension to the Resource Description Framework (RDF) [11] by
adding vocabularies used to define the knowledge structures instead of the tree structures in XML

documents.
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Service interfaces

Metadata layer

Resource pool of
the Web

Figure 1: Architecture of the metadata layer of the Semantic Web

The Semantic Web framework can be summarized as providing a metadata layer in
content-interoperable languages, mainly in RDF, which intelligent or automatic services can be made
by machines based on the layer. The typical architecture for managing the metadata layer, for example,
KA2 [12] and Sesame [13], consists of an ontology-based knowledge warehouse and inference engine
as the knowledge-based system to provide intelligent services at the front end, such as conceptual
search and semantic naviagtion for user to access the content as summarized in Fig. 2. In the backend is
the content provision component, consisting of various tools for creating metatdata from unstructured,
semi-structured and structured documents. In this paper, the information extraction system we
developed is used as a component of the back end.
2.2 Representing the Schema and Instances of the Metadata Layer

The metadata layer of the Semantic Web as shown in Figure 1 is built on RDF. The concptual
model of RDF is a labled directed graph [11], where the nodes in the graph are identified by using
URIs [14] or literals representing resources and atomic values of some kinds, respectively. The label on
the directed arc connecting two nodes, from a recource to another, or a resource to a literal, represents
the relationship between both ends. An arc, also identified using URI, connecting two nodes is a triple
of the subject-predicate-object, similar to the structure of simple declarative sentetence. Thus an RDF
document can be seen as a list of triples. A triple states a fact about a subject, a resource on the Web.
Since the nodes in RDF are identified using the addressing scheme of the Web, an RDF document can
be easily combined with other to form an integrated description of resources on the Web. For example,
the graph shown in Figure 3 represents “The author of http://www.cse.ttu.edu.tw/chingyeh is

Ching-Long Yeh”.
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Figure 2: System architecture for managing the metadata layer of Semantic Web

Ching-Long

author
Yeh

http://www.cse.ttu.tw/chingyeh

Figure 3: An RDF fragment

Representing in XML it becomes as follows.

<rdf:RDF
xmlns:rdf="http://www.w3.0rg/1999/02/22-rdf-syntax-ns#’

xmlns:t="http://www.cse.ttu.edu.tw/sw’>

<rdf:Description about="http://www.cse.ttu.edu.tw/chingyeh">
<t:author>Ching-Long Yeh</t:author>

</rdf:Description>

</rdf:RDF>

The information layer represented by using RDF is a generic relational data model, describing
the relationship between resources or between resource and atomic values. The meaning of the
resources can then be found in the domain knowledge base, that is, ontology. The representation of
ontology in the Semantic Web is an extension of RDF, OWL [10].

3. Information Extraction System and Metadata Creation of the Semantic Web

As mentioned previously, information extraction can provide the function of creating metadata
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for resources on the web. Thus we integrate the information extraction function as a part of the back
end of the Semantic Web system as described in Section 2. The system we design consists of three parts:
information extraction back end, ontology-based store and service front end as shown in Figure 4. The
work of the back end is to extract the domain events from the relevant documents returned by search
engine. The ontology-based store converts the extracted data to specific formats and stores them into
the repository. We have implemented two kinds of stores; one is RDF store and the other is a
frame-based store. In this paper, we focus on the former one. Finally, the service front end provides
interface for user to access the extracted content.

Keywords

Search engine
(google.com)

Relevant documents Back End extraction
component

IE engine

Extracted content

Export
Ontology-based store
RDF Store Frame Instance
Store
RDF store .
. Frame engine
engine

i $ Service Front End

Service front ends

@

User

Figure 4: Integrating information extraction function with Semantic Web system

The back end of the system includes several information extraction components, including
Chinese Tokenizer, Gazetteer, Sentence Splitter, POS tagger and Name-entity Transducer, as shown in
Figure 5. They are used to extract specific domain events from a large number of relevant documents in
a cascaded way. The relevant documents we use here are returned from calling a search engine and
served as the domain data. The flow of domain events extraction starts from Chinese Tokenizer which
is used to recognize the basic tokens, that is words. Gazetteer is used to recognize the special terms of
domain, for example, number, day, etc. Sentence splitter and POS tagger are used to tag each token
with its correct part-of-speech. Finally, the Name-entity transducer is the real work used to recognize

the domain events. All processing flow is shown in the following figure.
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Figure 5: The components in the information extraction system.

The central part of the system, the ontology-based store, consists of two parts: transformation
mechanism and repository. The transformation mechanism transforms the original extracted data into
different specific format according to the interest of users. It works as if a common interface which
takes extracted domain events as input and exports the specific format data as output. After exporting
the specific format data, we should have a place to store the data so that our query service has a
knowledge source to query. So we should provide specific repository for specific data format to store.

The front end of the system consists of several services, including conceptual search, explore
service, extraction service and clear service. The conceptual search is a search which attempts to
conceptually match results with the query. It does not match by the key words, rather their concepts.
The function of this service is to help user to find the data. The explore service is to explore the data
according the classes and properties of ontology. The extraction service is used to extract all data from
the repository. The clear is used to delete all data from the selected repository. The goal of front end is
to provide several services based on semantic web for users to use.

4. Information Extraction System

Instead of building up such framework from scratch, here we adopt the reusable software component
provided by the GATE framework [8] to construct the information extraction system for our purpose.
Actually this is the approach having been used by ANNIE [8], a Nearly-New Information Extraction
System. It consists of components used in the task of information extraction; furthermore, it provides a
pipelined environment to chain all relevant components together. After all required components are
added, the pipeline executes these components in a cascaded way and the results returned from current
or previous components are kept so that the succeeding component can use these results to do further
process. The information extraction system built by using the components in GATE provides the
necessary engines; we therefore focus our attention on developing the knowledge resources necessary
for each component in the system.

The information extraction system consists of five components, which can be divided into two
parts, the preparation and the extraction phases as shown in Fig. 5. The preparation part is composed of
the front four components, that is used to process the raw input sentences and produces word sequence
tagged with their correct part-of-speech information. The other part is used to extract domain events. In
the following, we describe these two parts in order.

4.1 Preparation phase
We describe in order the components in the preparation phases as shown in Fig. 5.
Chinese Tokenizer
Chinese Tokenizer is used to segment the input sentences into sequences of meaningful units,

namely tokens, and identify their types such as words, numbers and punctuation. The knowledge
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sources of the tokenizer include a dictionary and ambiguity resolution rules. For the former part we
employ the Chinese dictionary of the CKIP [15]. For the latter part we only employ the “long-term
first” heuristic rule for disambiguation.

Once a word is matched, it is assigned with a type. For example, the three tokens “85, “1010”

b} EEINNT3

and “> ” are assigned the type “words”, “numbers” and “punctuation”. For the unmatched case from the
current character by looking up the dictionary, we assign the type “words” to that character and then
continue the matching work from the next character.

Gazetteer

The Gazetteer is used to define various categories of specific domain in which each category
contains a large number of instances with the same concept. It is very convenient for later domain
events processing. By grouping the instances of the same concept in advance, in the course of domain
events recognition, we can just easily use the concept rather than the redundant words to construct the
patterns. By reusing the function of ANNIE Gazetteer, we just need to focus on the definition of
domain key words. For the Gazetteer function to function properly, it needs one or more . 1lst files
and a . def file.

A .1lst file is simply a file containing the key words of specific concept. For instance
company.lst contains the names of company in every line of the file. The file 1ists.def is used
to describe which . 1st files we use. Except for the name of . 1st file, we have to define the major
type which represents more general concept of that file and, optionally, a minor type which represent
more specific concept of that file. Here we just use the major type for our purpose. For each . 1st file,
we define the major type served as their individual concept, so we can later use the concept rather than
the large number of words to recognize the domain events. This is very useful feature in the course of

domain events recognition.

Company.lst:Company
day.lst:day

date key.lst:date key
hour.lst:hour

time ampm.lst:time ampm

production.lst:production

Sentence Splitter

The purpose of sentence splitter is to segment the full text into sentences. This component is
required for the POS tagger because the processing of POS tagger is in the way of sentence by sentence.
The design of sentence splitter is easy. We just need to define the symbols representing the end of a
sentence. Then, segment the full text into sentences according these symbols. In this paper we the
sentential mark , “ - 7, comma, “ > ” and question mark “ ?  as the symbols of the end of sentences.

POS tagger
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The POS tagger is used to tag each word recognized by the Chinese Tokenizer with its
part-of-speech. By tagging each word with the part-of-speech in advance, in the course of domain
events recognition, we can just use the POS rather than the redundant words to construct the patterns.

There are two steps to tag each word with part-of-speech. In order to label each word with its
most-likely part-of-speech, we first need a lexicon dictionary in which each word is tagged with its
most-likely part-of-speech. Then, use the initial state processor to label each word recognized by the
Chinese Tokenizer with its most-likely tags by looking up the lexicon dictionary. We employ the
Chinese balanced corpus developed by the CKIP [16] in this step.

Second, use the contextual rules to filter out the incorrect part-of-speech according to the
contextual information. We can not find existing POS tagger to be employed in this paper; we therefore
develop a POS tagger by employing Brill algorithm [5].

4.2 Domain events extraction

After the basic words and their features obtained in the preparation phase, the extraction phase
further processes to obtain information about domain events. We employ the method used in FASTUS
[7] to process the domain event from processing simpler units, the complex words to phrasal
constituents, basic phrases, and finally domain events. All information produced by this stage is
recognized by using the JAPE rules; we describe how to formulate JAPE rules at each processing step.
Complex words

The purpose of processing complex words is to identify the string of company, location,
production, date, money, and year efc. First, we define JAPE rule by using the features produced by the

gazetteer as the condition, for example, the rule of company word as below.

Rule: company

(

{Lookup.majorType == Company}
) :com
-—>
:com.Company = {kind = "company"}

It is obviously not sufficient to identify the complex words by simply using the features returned by the
gazetteer. In Chinese, a noun phrase has the head-final feature [17]. In other words, the head noun
appears in the final position of a noun phrase. Here we treat the feature word returned by the gazetteer
as the head noun, and its preceding adjacent nouns as its modifiers. This observation is formalized as a
number of JAPE rules for complex words. For example, if one or more noun connects together with the
company identifier, then we recognize the preceding nouns as a company word. The company identifier

is defined in the stage of Gazetteer, including “* Fi|”, Y& B, <2 and so on.
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Macro: COMPANY _IDENTIFIER
({Lookup.majorType == company identifier})
Rule: companyWithIdentifier
(
({Token.category == Na})+
(COMPANY IDENTIFIER)
) :com
-—>

:com.Company = {kind = "company"}

In the following is another example of complex word rule for the recognition of money.

Rule: moneyl
//Priority:30
(

(NUMBER)

({Token.category == PERIODCATEGORY} |{Token.string == "."})?
(NUMBER) ?

({Token.category == Neu})

{Token.category == Nf}

(MONEY KIND)?
) :money
-—>

:money.Money = {kind = "money"}

The recognized complex words are then used for later processing of basic phrases and domain events.
Basic phrases

The purpose of processing basic phrases is to identify several word classes, including noun group,
verb, preposition, conjunction etc. For simple classes such as verb, preposition, conjunction etc, we can
just use the part-of-speech tagged to each word by POS tagger to recognize them. The example using

the POS to recognize the simple classes is as follows.

Rule: preposition
//Priority:30
(
{Token.category == P}
) :preposition

-—>

:preposition.Preposition = {kind

"preposition"}
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For the complicated classes like noun group, we combine determiner and other modifiers together with
the head noun to form a noun phrase. For example, in the following example, the part-of-speech “Neu”

and “Nf” together with the noun, we can recognize the noun group like “= % ?} “or “PUREL R

Rule: nounGroupl
//Priority:30
(
{Token.category == Neu}
{Token.category == Nf}
{Token.category == Na}
) :noungroup
-—>
:noungroup.NounGroup = {kind = "NounGroup"}

Domain events
In order to recognize the domain events, we first have to survey in which events we are interested
from the relevant documents according to domain knowledge. After finding the event, we then define
the pattern based on the form of that event. For example, we are interested in the news about which
company is merged by which company. So, we look for this kind of event from the relevant documents.
Once we find this kind of event, such as “F'EJﬁiE"?ﬁ[F'HQ'& 7EI™NT ;‘gh’ r'ﬁj Fﬁ >, we can define the
pattern like the following format.
“{Company} {Conjunction} { Company}...{Date}?...{ f, 3>
All keyword encompassed by the brackets are already prepared in the previous processing, so we can
easily use this pattern to define our JAPE rule as following. Here we take advantage of the gazetteer to
define the relevant words in advance, including “Fﬁ' [, “fHE> and “I*fi&”. With this convenient way,

we do not use a large number relevant word (“Fﬁ ) (HE, %15 ") rather than the concept (MERGE)

to recognize the domain event.
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Macro:MERGE

({Lookup.majorType == merge})

Rule: patternl

//Priority:30

(

{Company.kind == company}
{Conjunction.kind == conjunction}
{Company.kind == company}
({Token.kind == word}) *
({Date.kind == date})?
({Token.kind == word}) *
(MERGE)

) tgoal

-—>

:goal.Pattern = {kind = "pattern"}

5. Implementation

In this section we first show the implementation of domain events extraction according to the
design described previously. Then, we investigate the performance of an experiment we conducted.
Finally, we describe the implementation of storing the extracted result in RDF store and the services
provided by the store.
5.1 Information Extraction System

The GATE framework provides a pipelined environment in which each component is executed in
a sequent way [8]. By using GATE, what we need to do first of all is to select the required components,
as described in Section 4, from GATE and place then in proper order. This becomes the engine of the
information extraction system. We have described the function of each component in Section 4. Here
we focus on the description of the knowledge source that we provide for each component.
Chinese Tokenizer

The knowledge source for the tokenizer is a dictionary. The dictionary we employ is based on the
Chinese Electronic Dictionary developed by the CKIP group [15]. Since it is in XML format, we
employ the DOM (Document Object Model) parser [18] to retrieve the Chinese tokens within the
dictionary and store in the format required by the tokenizer. The number of Chinese tokens we use in
the tokenizer is about 140000
Gazetteer

Based on the function of GATE Gazetteer, we can just focus on the definition of domain keywords.
We list the financial domain categories used in our domain events extraction as shown in Fig. 6. The
left panel lists all the categories we define and the right hand side shows the list of keyword of the

selected category.
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Figure 6: Definitions of the categories of domain keywords
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In Fig. 7, we show the result as the document passes through the Gazetteer. We can see that

several domain key words defined in our categories are found from the document. And, once a key

word is found, it is attached with a majorType as its feature.

Annotation Sets | [Annotations| Co-reference Editor |Text

Type Set Start End Features

Lookup 23| 2Eaima)or lype=production}
Loakup 238 240{majorType=number_mmodify}
Lookup 252| 253|{majorType=numhber}
.Lookup 288| 281 |{majorType=goal}
Loakup 281 282 {majorType=date_modify}
Lookup 293 298/{majorType=production}
Lookup 296| 288|{majorTvpe=goall}
Lookup 332| 338/imajorType=Company}
Loakup 338 340{{majorType=Campany}
Lookup 44| 347 imajorType=Company}
Lookup 347 348/ {majorType=production}
Lookup 365| 367 |{majorType=goall}

--iE A'nnotations 4l selréqcte'd)

-

THEES O EEREE

(2352078 Efft
coh R EMIEE R R i
10045  EEEFEIFEE - R
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Figure7: Result produced by the Gazetteer

Sentence Splitter

Lookup
P Original markups

Here we use the sentential mark , “ ° ”, comma, “ > ” and question mark “?” in Chinese text to

segment the text into sentences.

POS tagger
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The GATE framework provides a Brill POS tagger [19]. In this paper we develop the rule base for
the tagger by using the training algorithm of the Brill tagger [5]. We employ the Chinese balanced
corpus developed by the CKIP [16] for the training and testing purposes. In our implementation, when
training contextual rules on 550000 words with threshold 10, an accuracy of 95.43% is achieved. When
we reduce the number of words to 55000 words, the accuracy is dropped to 94.46%. Finally, when we

use only 16000 words to train the contextual rules, the accuracy is just 93.48%. The comparison is as

follows.
Number of words threshold Accuracy (%) Number of errors Rule count
550000 words 10 95.43% 25469 341
55000 words 10 94.46% 3033 43
16000 words 10 93.48% 1063 8

Based on this experiment, we figure out the size of the training data has the direct impact on the
accuracy. The more training data the learner use, the more contextual rules can be obtained, so, the

more errors can be corrected. Next we apply these rules to the test data and see how many errors can be

corrected. The test data we used here is 20000 words. The result is as follows.

Number of words threshold Accuracy (%) Number of errors Rule count
Initial state 93.7% 1280 No rule
550000 words 10 95.6% 894 341
55000 words 10 94.41% 1136 43
16000 words 10 93.76% 1268 8

Another reason which is related to the accuracy is the threshold. In the following experiment, we find

that the less the threshold, the more precise the accuracy.

Brill Tagger threshold Accuracy (%) Error number Rule count
93.34% 36797 No rule
17 95.14% 27111 215
14 95.30% 26254 274
12 95.35% 25925 302
10 95.43% 25469 341

The result of using the POS tagger is shown in Fig.8.
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|Annotation Sets | |Annotations | Co-reference Editar | Text|

Type | Set Start End Featuras -
Token 1] 2/{category=mMc, kind=waord, length=2, string=ra 48, type=other} @ ] Lookup
Token 2 4{{category="E, kind=waord, length=2, string=8 T, type=other} =] [ Sentence
Token 4| &l{category=0, kind=waord, length=1, string=2, type=other}
: - [] SpaceToken

Token ] Gl{category='H, kind=word, length=1, string=4, trpe=other}
Token B Tl{category=DE, kind=word, length=1, string=#, type=other} O Split

i i i oken I
Token 10 12{category=0, kind=word, length=2, string=%-%, type=other} P Original markups
Token 12| 14|{category=VE, kind=word, langth=2, stting="2™ typa=othar}
Token 14| 15{{category=COMMACATEGORY, kind=punctuation, length=1, string=, }
Token 18| 17[{category=rlc, kind=word, length=2, string=84 &, type=other}
Token 17| 18/{category=MNM, kind=punctuation, length=1, position=startpunct, string=}
Token 18| 22|{category=CD, kind=number, length=4, string=2352}
Token 22| 23|{category=MNM, kind=punctuation, length=1, position=endpunct, string=)}
Token 23| 24|{category=C0, kind=number, length=1, string=7}
Token 24| 25{category=Hf, kind=waord, length=1, string= B, type=other} E

256 Annotations (1selected)

Figure: 8 Result of POS tagger

Domain events extraction

As described in Section 4, we can build up JAPE rules to extract the complex words, basic phrases
and domain events from the output produced by the preceding components. The main task here is on
the definition of JAPE rules. As they have been described in Section 4, here we only show the result of
the implementation. Since the complex words and basic phrases are used to contribute the extraction of
domain events. We therefore skip the smaller units while show the result of domain event. For example,
the pattern “{Company} {Date} {I[* } {Company} {Product}?{Detail } ?”” can be used to extract the
event “PHEL(2352)7 It = :‘E"]' fﬁjl[ﬁrﬁﬁﬁ“lﬁfﬁ'fﬁ}@]iif” as shown in Fig. 9.

92



Annotation Sets| |Ann0tatinns| Co-reference Editor |Text|
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Figure 9: Result of extracting domain events

5.2 Evaluation

We first take one hundred financial news returned from the search engine, google, as our test data

and use dozens of JAPE rules to recognize the specific domain event, after the processing of domain

events matching, we then calculate the precision rate and recall rate of our system. We first manually

extract the target events within these financial news and we obtain 120 events of interest. After the

domain event matching, it returns 25 results, among which 22 are correct. So the precision rate is 88%,

and the recall rate is 18%. The precision rate shows a promising result of using the information

extraction system; however, the recall rate we obtain obviously needs further investigation as follows.

First of all, the scope of JAPE rule recognition we use here is between the symbols, such as “ » 7,
“o” 97 etc. That is, the JAPE rule would not be able to extract events that cross the boundary of
sentence symbol. for example, “F| B8 gu 4 21| wfi 7+ Flﬁﬁ o f*Jff*FJ‘ J [F[JL—:J 2 RlEE
I FJEI@ﬁf 355, To solve this problem, we can divide our domain events recognition into
several parts. For example, we can first process the recognition of one sentence, after all one
sentence is processing, and we then process the recognition of two sentences, and so on.

Second, using Part-of-speech identifier to recognize the domain events may result in error
recognition. When we use the part-of-speech to recognize the domain event, some words which
are irrelevant but belong to that part-of-speech may be recognized as the domain event. This will

produce error domain events.

Finally, the JAPE rules we use here is not sufficient to cover all the situations. So, if we
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encounter some specific domain event that our JAPE rules do not define, we will lose it. To solve

this problem, we further need much investigation into the expansion of the JAPE rules in order to

improve the recall rate.
5.3 RDF store and the Services

The RDF store is used to store the RDF we obtained from the result information extraction system.

In this paper, we employ an RDF store from the open source, Sesame [9]. Sesame is an ontology-based
RDF store. It accepts RDF files as input and stores the input files in its indexing system. In the front
end, it provides a number of application program interfaces for service programs to access the content
of the RDF contents. In brief, Sesame play the functions of the ontology-based store and the front end
service as shown in Fig. 4 in Section 3. The extracted domain contents are converted into RDF format
and then the result can be imported into Sesame using its API. After the extracted contents are stored in
the RDF store of Sesame, we then can use the query and explore service interfaces to access the content
in Sesame.
Sesame provides SeRQL as its query language. For detailed description, please refer to the user guide
of Sesame [20]. We give a brief description here. For example, if we want to query an RDF graph for
persons who work for companies that are IT companies, the query for this information can be in the
RDF graph in Fig. 10.

ex:workFor df:
Company rak:type

ITCompany
Figure 10: Example of query graph for SeRQL
The SeRQL path notation for the above RDF is written as below.
{Person} ex:worksFor {Company} rdf:type {ITCompany}

The parts enclosed by brackets represent the nodes in the RDF graph, the parts between these
nodes represent the arcs in the graph. The SeRQL query language supports two query concepts. The
first type of queries are called “select query”, the second type of queries are called “construct query”.
Here we just use the select query because the form of select query is like the form of SQL, it is easy for
us to use it to construct the conceptual search interface. The select clause determines what is done with
the results that are found. It can specify which variable values should be returned and in what order.
The from clause is optional and always contains path expressions. It defines the paths in an RDF graph
that are relevant to the query. The where clause is optional and can contain additional constraints on the
values represented in the path expression.

With the select query, we can extract whatever information we want to know. For example, in our
financial domain, we may want to know which company is merged by which company. So we can

write a simple query sentence as following to extract this information.
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Evaluate a SeRQL-select query

Your gueny:

select *
from {4 T4E40E 1 nsh: companylName {45811}; nsh:conpany?Wame {45721

15 ing namespace
nsh = <http:/fsmallp. com, twfs>

Response format: [T | M

copyright @ 2001 -2005 Aduna BY

CQuery results:
hitp:fisomeCompany2/ "k B2 5" "M A
http:#/someCompany/  "BHE" "R

http:¥someCompanyl/ "HEETEAEERERLT" "TEEREE"

3 results found in 10 ms.
Figure 10: Example of using SeRQL of Sesame

Explore Service

The explore service can do the exploration according to the concept, that is, Class or Property.
There are two methods to do the exploration. This first method is to enter the URI ourselves according
to which concept you want to explore. The second method is to use the information provided by the
Sesame. We can just click the URI represented in the following, and it will explore that URI for us. As
shown in Fig. 11 is the result when we want to explore the property
http://protege.stanford.edu/rdfname. We can find that when this property serves as a

predicate, we can get all names of people existing in our RDF data.

Explore repository

Showing statements for: http:/protege.stanford.edu/ rdfname

[0 Use resource labels in overview

Statements with this value as subject:

subject|predicate Jobject |

-- no statements found --

Statements with this value as predicate:

subject . |predicate|object |

http:/fprotege. stanford. edufrdtvotor/ehicle_nstance 0 - "EEfORE"
http: fprotege. stanford. eduf/rdfotorehicle_Instance_1 - "ERemaE"
http:/fprotege. stanford. edufrdfotorvehicle_Instance_10000 - =
http: ffprotege. stanford. edufrdfioto ehicle_Instance_2 - "R
http:/protege. stanford. edu/rdftest2 INSTARCE 00004 - "ER"

Statements with this value as object:
Subject |predicate |object |

-- no statements found --

Figure 11: Example of exploring the content in Sesame
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6. Conclusions

We have carried out automatic creation of metadata for the Semantic Web using the information
extraction technology. The extracted information is stored in an RDF server and can be accessed
through the service interfaces of the RDF server. In this paper we successfully use the components of
the GATE software architecture for NLP as the processing engine to build up the system. Thus we
focus our attention on the language knowledge sources required for the components. The reuse of the
software components really shortens the creation of the prototype of the system. Since the system is
developed mainly using the finite state machine technology, we obtain excellent system performance.

We have tested the system on Chinese financial news. The result shows that most of the extracted

domain events can be correctly identified. However, we still need do further investigation obtain wider

coverage of extraction. In particular, we need to pay more attention on the creation of extraction rules
for domain events.

Acknowledgements

We would to give our thanks to CKIP, Academia Sinica for their support of the balanced corpus.

References

[1] W3C, Semantic Web, http://www.w3.0rg/2001/sw/

[2] W3C, RDF Primer, W3C Recommendation 10 February 2004, http://www.w3.org/TR/rdf-primer/

[3] David Martin, et al., Bringing Semantics to Web Services: The OWL-S Approach, Proceedings of
the First International Workshop on Semantic Web Services and Web Process Composition
(SWSWPC 2004), 2004, San Diego, California, USA.

[4] Jose Kahan, Marja-Riitta Koivunen, Eric Prud'Hommeaux, and Ralph R. Swick, Annotea: An Open
RDF Infrastructure for Shared Web Annotations, in Proc. of the WWW 10 International Conference,
Hong Kong, May 2001.

[5] Daniel Jurafsky and James H. Martin, Speech and Language Processing, Prentice Hall, 2000.

[6] Douglas E. Appelt and David Israel, Introduction to Information Extraction Technology, [JCAI-99
Tutorial, 1999, Stockholm, Sweden.

[7] Jerry R. Hobbs and David Israel, FASTUS: An Information Extraction System,
http://www.ai.sri.com/~israel/fastus_brief2.pdf

[8] H. Cunningham, D. Maynard, K. Bontcheva, V. Tablan. GATE: A Framework and Graphical
Development Environment for Robust NLP Tools and Applications. Proceedings of the 40th
Anniversary Meeting of the Association for Computational Linguistics (ACL'02). Philadelphia, July
2002.

[9] Sesame, http://www.openrdf.org/

[10TW3C, OWL: Web Ontology Language Reference. W3C Recommendation 10 February 2004.
http://www.w3.org/TR/owl-ref/

[11TW3C. RDF/XML Syntax Specification (Revised). W3C Recommendation 10 February 2004.
http://www.w3.org/TR/rdf-syntax-grammar/

[12] R. Benjamins, D. Fensel, S. Decker, and Gomez-Perez. KA2: building ontologies for the Internet:

96



a mid term report. International Journal of Human Computer Studies. pp. 687-712. 1999.

[13] J. Broekstra, A. Kampman and F. van Harmelen. Sesame: a generic architecture for storing and
querying RDF and RDF Schem. In J. Davies, D. Fensel and F. van Harmelen (eds.) Toward the
Semantic Web: Ontology-based Knowledge Management. Wiley. 2003.

[14] T. Berners-Lee, R. Fielding and L. Masinter, Uniform Resource Identifiers (URI): Generic Syntax,
IETF RFC: 2396, 1998, http://www.ietf.org/rfc/rfc2396.txt?number=2396

[15] The CKIP Group, Chinese Electionic Dictionary, http://www.aclclp.org.tw/use ced c.php

[16] The CKIP Group, Academia Sinica Balanced Corpus, http://www.aclclp.org.tw/use asbc.php

[17] Charles N. Li and Sandra A. Thompson, 1981. Chinese — A Functional Reference Grammar,
University of California Press.

[18] The Apache XML Project, Xerces Java Parser 1.4.4 Release, http://xml.apache.org/xerces-j/

[19] M. Hepple. Independence and commitment: Assumptions for rapid training and execution of

rule-based POS taggers. In Proceedings of the 38th Annual Meeting of the Association for
Computational Linguistics (ACL-2000), Hong Kong, October 2000.

[20] B.V. Aduna, User Guide for Sesame, http://openrdf.org/doc/sesame/users/userguide.html.

97



e 5T BERL AL REY SR [ I EOIRE)

%"JFT% 3 G5
B G N ERYFERISE S B GRS
21892573 (@cis.nctu.edu.tw jyyeh@cis.nctu.edu.tw
T = FHAEAT
5 2 L%‘qgﬁl Elng "\T[\ﬂi A
i o 2 a?*g@ 7
claven@lib.nctu.edu.tw wpyang@mail.ndhu.edu.tw

%EI FrE E’["U}%E[’/bﬁ»%ﬁﬁ&*ﬁﬁ[l’[\lg&ﬁ-‘FﬁJ%Hlyﬁfgiﬁﬁ[qr]sgﬂ%%I FL :g[glpfjmﬁﬁ@“ﬁtf
SR GRIE ]y (P P R T T AT DR BT (R pOp ] = RIS PR R
T IRIFEHEIY AT AL f“ ’ LTUIH?’EL;I’FE z’@*]&liﬁ Ay - Ytﬁ‘r’ﬁ“ J }5-4. 55 #%(Concept
Clustermg)trimzif‘< (ERHETH I [ Al AR FIJDH Ao S PE R .,ﬁ:ghpjuﬂ [Jtﬁﬂ%ﬁ;l o IHIE
By 1) FH] 'J&?P FT,J[.(Context)b gul’ﬁ"f‘,(SemanUc Network) ﬁl_/fﬁfAﬁi 2) ffi*] K-Means
iﬂﬁw o3 e IR VR RIS, > [ Eﬂj”ﬂﬂu“ﬂjﬁu'{%'ﬂﬁ R 3) RSSO BERY o 20 F]
’JDF[ UETRED - aﬁ o e 7&'-‘ A B BHRTS HEE VR s P SE R R guuﬂ i
I'LE%H??]ELIPJ"Fﬁ’ o BHRRFI ] DUC 2003 (Document Understandmg Conference) A {H pusry]d f+
S o 7 (k5T ROUGE-1 4R S9s8IIY » ° ROUGE-L JRIEHHE T i Uil -

L HiE

_"'[[ll

o IR R R O SRS P 2 o YRR [ T
E'%‘d?ﬁ LR tau i % R A U T U e i e N W B T B
S [T ATV I RERR] TR - BRI O RLYNR SRR T fh e R
U [%@ﬁfu*'rﬂ’ﬁﬁim@* ERFRETRF A > i el s R ORI L b
e 3 DI I E BRI ] BB R TR TV eyt o

[ (R [k A 5T B RS e BT K Jﬁjiffli@‘iiﬂ%i(Domain Knowledge);j #7¢
FORIES S~ Hs [ B PRIk o BT BIIIRLY JRAFH ST A (Statistical Analysis) ik i B (R
*IJ%T” PE eI 1% = ff ™R JJ K A g iﬁ‘/ﬂ%ﬁl SERRE FEIVE PO R [giﬁ:ﬁ,qi il
Eflﬂ*ﬁf«ﬂ!d& fi 7 R tl@f,{ﬁf,ﬁﬁ?& VI T RTRBE T P Ei@,i{ﬁ@ﬁu
R E R R ot —]m M2V HEZV (Information Retrieval)f #547 FL#E » 58 g%ﬁ ik
(Semantic Network) ° H Eﬂfdfii’ﬁlii/ TEWVJT‘%J%,IDH AU - -ﬂﬁ,\_ﬁrq (Concept) ' FJ 5P
Ejﬁﬁ'L(Semantics)FlJ S (IR o AR [ o (S LI P S fgiﬁbf@p J—‘F
T £ %4 ‘if U = R E IRy

T+ PR AES5S HE(Concept Clustering)df IV #HIH {4+ A o= (Toplc)bnﬂ B oA
F& E“ﬁilfk] r‘é\V?EH?Vii(Feature Selectlon)*fg,ﬁ?r HJ AUEIf! ]ﬂ:bnﬂ JOhE > By ae%ﬁ[nﬂ HJEJ
Y [T ) PR LY A IO < ) AP (Context) ™ S

99



(Semantic Network) - ﬁxjﬁrv FEr 5 2) [ 53 EERE(E Y FRP ] K-Means [11) &850 % I') 3
VR UEEIOREA. - Tl Eﬁ)’fi?:kup U 5 3) ST I o P %F'Jg}%g' ’ %F[mj
1 R AR B B ETS TR fORUEIRN I > PSR R R O (SRR -

A LIRS AT e BV AR 2 *J%EITE'FTJ [P 5 B BT O )
wﬁwﬁmﬁL#@¢WMFE%E%EMWW%V£WW%w%fww%wLw
B 1 BRSSO 0 RSN O R
R R S 1 5 e e BTRLAAGIE e TR W Y ) -

2. ﬁﬁﬁ@ﬁ: f&

A RIS 20 (LT MEAD [181F 073 s ipud (F & (BRI = [l
1) EF F[f%juﬂefH[ u\(Centroid)El'UTE'[’f) 3 2) ;fr' Fljg/\zix H% [[ i IR PLF' s lﬁlﬁ LIRS (T F' f'JEJ”H HJ ) FIJ
[E HERIE:3) 5 ?F AR (F U A - MEADS h&«[fbm 7 (Linear Combination)s# f
i ’fﬁéf”*rw‘ﬁ%ﬁﬁﬂﬁﬁﬁ“ ~ R NEADﬁWF“Fw“@P?bN?’fﬂﬁﬂBW?
P 75 IR S RLERE P I SRR 1 I R TR R i -

McKeown et al. [17] @E'ri Egﬁl,fgﬁ SR T Ju 7 {ﬁ |7 = fH(Theme) o PI{fpY
e ST flﬁfﬁ‘}ﬂ' 1 1) = FH#ER(Theme Identification) [8]F J;ﬁ ELE [ T 5??@?@‘{%
RACTINEES CEEIIRSS Eﬂj%ﬁ?)ﬂ/ AR | Pﬁ 32) g}@uﬁiﬂr | (Information Fusion) [3]
}Hﬁ T”TEITJ il JE&@WF] » B%;IJF}QFIJE};L 3) }T‘ﬁ“]ﬁ,li 5 (Text Reformulation) }{ﬁ’ﬁ?ﬁ%@ﬁf‘i
SFOET BT R (7 O - P B R SRR O S
P Y BRSO IESTAOE £

B Word co-occurrence : {1 & & |7 AL YT P ap ERAH T -
B Matching noun phrases : #[]*'| Linklt [26] J‘[P&‘r}\_ VR 7FE[T,J TEJ s ln e
B WordNet synonyms : ffi*'] WordNet [27]?“;L"[ﬂJﬂﬂ1

W Common semantic classes for verb : 2{/%7=" | [fi| - nﬂﬁtﬂ VERARAA

F ¥ "] Information Fusion [l e fie 13 FVHLEE | PR OGRS B [[:1|:| ﬁﬁﬂj f*‘ﬁﬁf[fﬁ
ERZ IR EH}éEﬁI» o f&t i > #ifl1 FUF/SURGE [9]F l‘]ﬁ;ﬁ%]é TEsd F&#LFEZ;H pl e

MMR (Maximal Marginal Relevance) [4]3#™ %" H1 {Fffif1 - FA=S 7 Sh LA SEHTE Query
TP f gt DIRT S0 F AT gt BV ORI - MMR-MD [101il MMR
(Ot > e et (Al 5 AT RIS VR Jﬁr U] i b g EH) © MMR-MD [ jﬁ%r
ﬁ L JI ] S RHRVALTTR T R (R E IR Penalty o ETPSERSE AVIAEG

' MEAD By ﬁ'j&ﬂ VPR TE D e o SRR '/WFT,N/ & > dEHE loosely-related documents °

* P e Y- Rea- {IJ@'LF'F?I—*ZHW%F'J%I% PRI BT B S R

100



MMR — MD = Argmax[/‘LSIml( P-Q.C;)~(1-A)maxSim,(R,.R,,.C.S)]
3% 1: MMR-MD [10]
EL 1> Simy(Py,Q.Copth b Py == Q PUAfIIIE - [FlfH ikl == Ryl By fud [ lJﬁ[FﬁW‘ ;

S|m2(Pu,an’C 5)%157 PI] * Pom ”ﬁ[[”@  H H[ Pom 54— I ﬁLL['J/FQTé‘

MMR-MD F e 4 et VRS G e poAt TS Query o [EIE A VRS lfer i e
O AEE] o T2 Query AFEPE iy AVEETS - U=l RIPSET BT e == il o = FET AT R A [
Pl o Bl BIPRS00 STy To & R TS EITS 2 IR T # oy by
R LR -

Mani et al. [ 15]}[%’?1/ fi%?’?}q%‘[m&(Graph) s EL[1 s Q[l:a{éiﬁ%!ﬁ‘“?x* fﬁ%%%?ﬁ]ﬁerm) J éﬁgﬂﬁ"f
AR T FFOR RS € B D FIIFE(PHRASE) 5 2) % FHBIFADD) 5 3) [l
[Z(SAME) ; 4) Eﬂq?ﬁffﬁl F(COREF) « Fi+ » 45 ([aiéjﬂp MEFT (Weight) > f#EET @FJ@*", Eéfﬁﬁ%
[y TF-IDF fifi - 5 > #|"'| Spreading Activation iﬁjﬁ * leélﬂE’!ﬂ‘a HEE A AR %E@ﬂg’!‘
FURBELff > S Query TF'%&JF“%‘ F# o PRI RSV ) (Commonality)
ko2 Bl (Difference) o {4 FSD (Find Similarities and Differences)il’gﬁ’ﬂ 2o TSR [F‘WI fli
TR £ Elfiéif%!‘o B A Similarities » Differences & F’—‘[HIEIUETEJ%’E:E] ) ﬁgﬁ;ﬁ HJF' VEI
FId » P g[glﬁj;—ﬁﬁjt“}ﬁ]%l’?%\'

3. fEATRER T

A AT R Tk ) L S e 1 B R G © SN E
TVEI O RH » FH[E Af ﬁ?-jﬁ\ *”&?1/ (Context)‘éﬁ’a:—‘r,’E‘,u’fﬁwl /(Semantic Network)[":tr R B
HRAIR o R G 1 o TR P o L2 R

il 1 BITA Y R TR S« IR KR OECE S WRRT PRSI PR BF Y £
R R ORI BUSIRE SR i M | uﬁﬁﬁﬁﬁj‘“n Pl
Al MIEE- [pE R 20 SRS SRS B i [ i RS ATT) ‘/4%’4?’: 12 S
(R SRR et S SRR e B e i BEp Rl + R AU
g, %ﬁ:ﬁ'[fj%ﬁ?‘%ﬁ,[ﬁ [ H B R uﬁfﬁj FOFHET 3 == oA Tmy 2 [eefeEs, %‘,‘«Eﬁl%gpffﬁ B
RS POV R SRV R S PRS0 S RIS - A el RV I
PR el T 1 (R A b S P AT

PR B BT AT RS AOR A o R A R (s R - EAFHMEGPOI  FR

101



Event-related II External
News Semantic Network

h

o5 J— Candidate Keyword Context-based @ K-means
P . & Selection @Indcxing Concept Clustering —‘
Senlence < Sentence Sentence Salience g
oncept Cluster . . ummary
: Feature Selection @ Computation
Mapping

1 SR

3.1 A ) Y R G PO

SR

@:'FL\[

pumuif3

Fio o SE ST (Preprocessing) I [RH ELHER FEFT 8 [ [RE TR E o
H R & F[ﬁhfj <17~ (Tokenization) ~ &l Iiﬁ" ! (Part-Of-Speech) ~ Gl {3kl L (Stemming) ~ /[ F [~
(Lowercasing) ~ ][ {d2 |4 (Stopword Remov1ng)7y [ul:[], “(Chunking)<™ e 4+ 1> i =9 G
HARGHER M | NLP Processor [20] 3 FHEEFEVFUR M| Porter JfETIA[24] 3 4 & (= HIFII M IR0 Lk 5T T
&MAw}’lﬁmimﬂF?ﬁ[m?@” FOHIEISTE DUC 2003 TR R G -
]300 o B FIRS SHGEE AT R0 S SR -

rJfF[' rga N eptal |§CJ}[’ £, 5(Noun) & &, 5]+ %(Noun Phrase) [EEL < BV 2 A3, (Concept

Candldate) U7 SRL £ Bt |*’1—ﬂ[ka*‘JEI Eﬁﬁt[l [13] Tl/ f' E*ijﬁ“fETJl i (5 Tl tf-idf
ME[28] » x&— WA 5! (SRR T« i B s Ié'ai_u::ﬁ] | R T B

ﬂﬁ%‘@ﬁﬁﬁUWAJﬂ’ﬁiﬁmr%?w‘wl LEHL A -

BF PR i\aé”ﬁf’d MOE A o 2R LR SR F A R R
S, = i H G = (ST AR - FRPVERIET » R { QPSR f R A
287 S ERRe condemn(%flgh)b mtenswely(@lﬁ;rﬂ)fﬁ'J ENZ > Py Fj‘%%}ilﬁ el ??ﬁ‘[ﬁfgf
[F=o Elﬁ”lﬁlﬁfﬁ'ii Eaer RS ot ﬁgum iz Y }‘F“,LF:M Tl o (BRI R T
oI N MRS TR B R 5 fi7 jj‘[Hﬁ”U?’?f_E pYEE B {5 m”up e N=M F"J
R [ ST R T 'ﬂﬁ Cr, 742 [ 0 PRE Er [‘E;PF%JLN BM LS -
FVek ] ek = folRLf R i proopshe B~ Eﬁ (LA R T IR i FLT' CEpE %
EvHE o I BB E NS ) BRI o

< 18y 1 T the U.S. Embassy | Elfjjtﬁiﬁiik » I'] several locations, Bonn, receiving, word, a
terrorist threat, the U.S. Embassy, no evidence, a planned attack, found, officials, Wednesday [F£,3d |
#(Indexing Description) ° IFL#'”IL%V 10 RL ”EEEH[JF' i UTJI M4, F”uf R PR

FIhipEsss |~E'JE3jI9<1EJ E[;{éﬂﬁgﬁgﬁ\x R AN T o

102



BONN, Germany (AP) _German police raided several locations near Bonn after receiving word of
a terrorist threat against the U.S. Embassy, but no evidence of a planned attack was found,
officials said Wednesday.

Source: d30005t\APW19981104.0772.xml
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(1)SIM;; = Words Match
= sim ( Match_Word, Clusterj)/L_of S

(2)SIM;; = Concepts Match
= sim ( Match_Vector, Clusterj)/L_of S

Match_Vector : concept vector included in this sentence

sim ( Match_Word, Cluster; ) : number of word appear in cluster;

sim ( Match_Vector, Cluster; ) - distance between vector and centroid of cluster;
L of S : length of the sentence
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FAST : Free Assistant of Structural Tests

I@I?FP ﬁﬂF ;u = Liagmey 12
{g936727, 9936339, 9936704}@pozmnhuedu1m1;
jschang@cs.nthu.edu.tw
T Y e [P
R S

i

i I i ik ESROER  f RDp e
E&tﬂ}ﬂﬁ?‘ﬁﬂ%ﬁﬂli;[@ﬁ AREE VY T R R J\ﬁﬂ%;ld"ﬁ" pu Y] ~ BRI
A QME%ﬁ%¢¢#FﬂEWW%?% YL (0 L U i)
PR L R - jf;l[* PRGN LA TR > 18 SRR Y fRE SR )

I A IR PRI RS R R
E|‘g@ﬁ"%%gloquwﬂgﬁ,ﬁmi q‘—?riltm} Y,ggf 1;@%#@[]%"%%’@4 » FAST

(Free Assessment of Structural Test) o #{E&[IUak 2= » FAST § “}-{"j' =y R
< F,Jg' ) E’lgﬁ;ir Yy Y E YR o (K= FAST 3#iH] 1%[%&[ “Blo Eﬁ? f Jff?-“ Jais A o

Key Words : ’F%{“Ff@ﬁgjjfygﬁignj s 1}”\1-\1/ I ?#ﬁ&ﬁ'?ﬁ*”@

_ ;rg_srg

}L_qf [E wu‘rﬂ?&? ( Computer Assisted Language Learning » CALL) Eﬁ"*—"# 1950 & R o YT e o FJ*
ﬁ?,égz" S & SRR (Computer Assisted Item Generation » CAIG ) o Z[E1m! » l_mt,%ﬁ’x,ﬁ" i
AL @WF%WE Wfqﬂﬁwﬁb z@@ﬁ#wﬁ %mgw@_wﬁfmf
J\fg',_ BRIV » K S T LR o (IR % = @F'Jlf[mg’fﬂ [FH'/*
—F'ﬂi J??FJ i i%ﬁ[i[”lﬁg (adaptive testing ) > leﬁgﬂi&%ﬁj [ﬂ lgu > oo ST
B
FE
?1@@ IE Fl*iﬁ[éqf jjﬁ;ﬁfg:}a'*”s’ “ﬁlriiﬁ‘ﬂt EEEI% FENTG Y P LR ~ L iG]
ﬁ%ﬁ'dxm%iﬁu&* dx@iiiﬁ{jﬁ*p“ﬁlf B J—rlpﬁﬁ 719 (Non-native speaker > NNS)
f f' o Pk ||J* \_pjjg[@[ﬂ: A= Iﬂf‘ﬁj W}UFJFHF JjJ El‘ﬁﬁiﬁ'\@@#:ﬁ@pfb“\
(EFIE el 1%

Lfrsen Freeman (1997)'5'}}‘[&[,1/ FEd FH;(HEG%%FJEIU s FIEfty 2 IFIJP[[’HE[J}‘F Bz (form )~
%La‘&- (meaning ) » =2F [k (use) = pl[ﬂ F”rl J YRR R A A0 S Y HH "5k
?Wﬁ yﬁﬂw4iu E W%bf%mﬁff%“ﬁﬂﬁﬁwﬁﬂﬁﬁ ﬂ
~?E'ﬁxp1ﬂ1§{é/§ PRI HE R~ i P*?E‘Hﬁ fo P EERECE ,ﬁiﬁlf&llﬁji"ﬁﬁfb T

RO RVERL S il e )
iiiﬁué*pjgIpJ.iJE"“IE',Eﬁ??ﬁbT - %Flﬂiﬁ”vfﬁ@ﬂimﬁ TRE s P ﬂﬁl[ PEg e |

AUT)R L % o ﬁﬁ*%ﬁﬁ ERERE S o RS 3?h ? H H[Ji_JIE“J*‘EJE’S?”?ﬁ T f"lﬂzﬂ*
;cﬁépjﬁ'iffﬁﬂ% iy SR T RL R R ﬁﬂu TR FIEHJPI o F[;‘]:IPL—I—L’+FEF|HJI§4EJ£&LA
S £ DR PR R S SRR PG
YR JEJ?E[JﬁAE"Fﬂ

PR, & F&E[‘gﬁl “ALTRE ?[;3:%;[5 - 2ty ?Fbiruﬂﬁflﬂgufﬂﬁq Iﬂ?éfﬁr'f FohlkE
HGEIVL Fifiv o (BB RS EE“V*E‘ V=R W R (BERERR - FIPERZ
i (U S A I AN O B e

;chw

?‘*—7-*‘*3
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R E R R G Ff'ﬂ £

[“’E IR REY R ?ET d: P B %ﬂ*ﬁtﬁﬂﬁ’?@zﬁgﬁﬁ’ ENi JJ’ At FIE"}V“*E‘FU g (BRI o
(OS2 SN F[%ﬁﬁ’g PO ,‘pt'FE,ﬁ ATEE o T FFIJ \U*‘[*J% glr%ti/zi ',FEE
ﬂ*ﬁ“‘ﬁi«ﬁ@ G FI%‘“’&'J'@*FU * JEF’E%F'E ° FkLpE ;;%UF' }L—ﬁ’ﬁtl‘ﬁ e T Egpp 5
FJ-. EJ}'S@FE—F[TPii?EU&“ %F[ij‘sf‘} , [HF”"‘EIA» ?Jf Eﬁgz[tl:rﬁr °

- ‘g%ezgm Y EEENE (multiple-choice test) ST g ¢ - FIJ;‘EW (context independent)
e [%mi/\_p J{grﬁgﬂu jczwhd/ji)[g VREHE (stem) ~ BAZ A PO FEASSES EEFH;«
ﬁ@pg (22 ZFIE ] £ Eifg'ﬁ:tu?;*ﬁf}gl (distractor ) » fy] 1 £~ IR IERUR L L PSRV -

(1) Reading is to the mind exercise is to the body.
(A) so
(B) that
(C) as
(D) what

& it FFPMREL L CUREILWORIE © PRI BRI ]
F'JFIJﬁ'ff’ [?E,J, P [ £, AN EIAYRRE e~ ET] Fljﬂja ° T{IJFS{‘ E EIEI %"(;D%—i VAT
fiiﬁW%lT%wnﬁuqﬁu$it@ﬂﬁikiwiﬁ“\%wwmfﬁﬁi 77pr%ﬁnttﬁ'ﬁ
s - FIBERTIOR % (4] Wikipedia Ffﬁ"ﬁfl*[ ? )’ Eﬁgvfﬂl'%*ﬁgi'* p ﬁ' E[WF'H' » IFTE
RIS R © WU KRN B - ) pi ) MAL D
“‘JleijIﬁJreduced clause *ﬁj'l ¢ HI%WE&F” vE] 'wLFL PLECSE © i HI%W?@H& i
ri;il’ ELﬁ BL 1 AR o e s 7y {FL A 1P Hﬁiﬁﬂnt g RS B ) 2 B
NE{c E—E‘

—IFIJ*L

(2) There are six subspecies of the fox, each unique to the island it inhabits,
its evolutionary history.

(A) to reflect
(B) and reflect
(C) reflecting
(D) that reflect

il ?F";* FRE > RLFl- fvEe Creflect) [ [FI#)=° - toreflect ~ and reflect ~  reflecting -
EI?& o FIPRHIfY o (i/L'IﬂB) TSR YN 2 U R

(3) CLAUSE, *ADJ *, X/VBG *.
>

CAUSE, * ADJ *, * (A)
(A) X/INFINITIVE
(B) and X
(C) X/IVBG
(D) that X

130 ’J'%ﬁﬁgm—ﬁﬂ EILJ F[J:;':p ;{»%ﬂi AT fﬁ;ﬁ}ﬁj FIJQ FJ'&E Y 9% > ST g
*JVEL;LH , F‘E#EI E[F_L §§+7 F;IEI I* EI)J ﬁ_}% = _L;CFI [[ﬁ}—ff‘lzj
4G (|t> g‘j‘i{kﬁpﬁﬂ %Iﬁw:ﬁﬁ

-

(4) Itis the smallest fox species in the United States.
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The Island Fox is a small fox that is native to six of the eight Channel Islands of California. It is the
smallest fox species in the United States. There are six subspecies of the fox, each unique to the
island it inhabits, reflecting its evolutionary history. Introduced diseases or parasites can decimate
Island Fox populations. Because Island Foxes are isolated they have no immunity to parasites and
diseases brought in from the mainland and are especially vulnerable to those domestic dogs may
carry. A canine distemper outbreak in 1998 killed approximately 90% of Santa Catalina Island's fox
population. In addition, Golden Eagle predation and human activities decimated fox numbers on
several of the Channel Islands in the 1990s. Four Island Fox subspecies were federally protected as
an endangered species in 2004, and efforts to rebuild fox populations and restore the ecosystems of
the Channel Islands are being undertaken.

[~ T TIFRER Rl 2005 & 7 7] 10 [Ifo) ﬁﬂ,ﬁg}’j (island fox) = jf¥ #r - iF
http://en.wikipedia. org/W|k|/ Island_Fox

FS{F55 A N EIPUEAE (Test of English as a Foreign Language » TOEFL ) JH[E&py~ i H i ~ ¥
i e g - WS R R PSR R ST T R
REVE TR 2 = B 1 f lgﬁiﬁ”ﬂ S PSPl W 45 FAST (Free Assessment of
Siucur Test) [UFHRIPICIE (P 4 50 & P8 » ST s vwﬁfhﬁ# R
VR TR AR E’ai (Web as corpus) OB A, SVEIREEY INE - S FTAIR IR
P L’Tﬁﬁk JEDF TR Y YRR I&]F’Eﬂ | Wikipedia H 2,000 4% E3fosfiE! ¢ i - | LI, 2000
ZRRE ;JFEE = FAST fie s T35 I = FUB i PO ot i & Lirgf\@@?i:g%g_
.[LJ—‘EZEHI > ”E Jifﬁ'}[ulﬁ Iy F[Ljfi&f'@ » Y EEEG FI J]E[jﬁij {ﬂﬁiﬁiﬁé}ﬁagﬁ Iﬁ[l—ﬂ TU_HAFI Gy ,_[/ P
S Ma %E“ aw PORER L S DR D e
: 'iﬁ“ﬁ” b Wmﬁ%‘jﬁ EERE e LRI 2 i PAST ik
P L RS - 55[ IT‘_J}'H)W\FI FAST 5k » [ 377 '5{]}{7?@ SRS L EFFF” .

o~ ﬁlaﬁﬁﬂ?ﬁ
Warschauer (1996) Hd! I&*’ﬁﬁ?"ﬁ?*,ﬂ E,BEEHL 30 F P pd e T F UsR S [ ) 52 Wichmann,
Fligelstone, McEnery I KnowlesE 997 ) AEEN > 21 FFMTUTP jgkﬁj‘(;pl’ﬁﬂ I DH*[?,#?&FI;"» =l
B o
P < AR Wilson (1997) Ji1VAP - ALORTRIh % A FHE et ORI 7 J

_’%ﬂg[ﬁ Ji]:"léﬁ o B 2k UREE e Es d/iijw”ﬂf@*/ﬂﬁg B~ ﬁ}ihfﬁuﬂia Pl 1 Epmﬂ

Fstartled | ﬁ& Fstartling | F\/Illton (1998) #y | rabt L FES E[—ﬁﬁfll A ANTES ﬁWordPllot
FI J%ﬁ‘i—ﬁi"‘jyﬂ“ o WordPilot Hi# E [‘*JLLI,#EEFI J“jJ ) :EZHF H I EEL[@WFF" BLELF| FI JH‘I ﬁ‘ﬁﬁggﬂj, -
WordPilot [ 1E/E: & J[fy] 5 (s i » fifi et i&dﬁ@ﬂwwg °

(5) ... Title: Sulfur and Nitrogen Emission Trends for the U.S. — Introduction INTRODUCT

) the substance metabolized by industrial activities, fossil fuels are most
significant, both in quantity and by the variety of chemical that are mobilized. Industrial consumers
take fuels as inputs a ...

WordPilot /7 1| ZHAY =4 v[lq‘%ﬁ': B o
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ml
-

= WordPilot | IF~ &t /7 1 25

Ry WordPilot <7 4 == R 5k T KRR AOLTRETIRS » SRSS P SR Ir=m h E I?L*EIUE";%‘:&“
IR Gy e TR F%*afﬂ\ Ll

(i)  WordPilot =k | g REfIYEERE | Ek RV E RS SRR PR N S R RR Y o 3ok ) A
gﬁfﬁi 7,‘/[[[7J5Ffm » WordPilot 5 | 1E: & fruft ¢4£ U FL&EIF* 7{3‘@_ SHP R R
E_izf :%Ejpj H W@ﬂjjw 7= |jpjr%gl‘ﬁ TRV [i«f;ﬁﬁ[l
(i) WordPllot - ﬁgl ald %FIJ?EW'T A DTSR TR puzias s HFE SRR EE > FURLH
Tqﬁ@% /EQ!?:E“I' PRI ’J)"“B?Sf;"“F‘“E,gl(useless distractor ) » fY4F = ZRREAVELELE (item
facﬂlty)“';‘” REFUEEHIE Citem dlscrlmlnatlon)
(iii) = EEFIJ?EWETFIR—F@[@%EJ. F&?‘T‘“’f«?l ET - PRI - T e (U 15 [FD B
Ipsw CUP 2 56) 8 S + 0 S A L R K P

F37 Mitkov #1 Ha (2003) F[[='|F [71{?5;: R PTRIVAY 0 BIRHEESH - 7 WordNet (=
FE%“?F' Jﬁ%’ » T B BIRIRIBRE 1L K o Mitkov A1 Ha JE BREHRGE T TR o o]
U%%ZQF”,E =i [%lf'Ejpu‘E?i FI‘;’FITEI:[ ) {#ﬁ)wﬁggfjﬁﬁfgﬂ ) i‘ﬁ%%@ﬁfj I’z{@g&yy@ o YL~ B
l’ﬁ%‘i (AP (2004) I'J FEIRE 7 SR Jw’a’Cﬂfﬂl selectional preference f% (", &5 (collocation ) %
b 5 TR U 2 P FE A - Liv, Wang, Gao #1 Huang (2005 ) fiki1iiify
ﬂﬁ‘ ”H%LEJWFT;Ci RS LGRS lﬁk  FUEE A H Y (S o Sumita, Sugaya,
Yamamoto (2005) T‘ij%zltem Response Theory (FRT) HEOE A 2 R R RS T A
;E F[EU{‘_E[{H N 1ﬁ,tl§j;—‘['lzil EEIVAR TE' q:@ﬁ;&lﬁ%fleé ﬁ”%{f%\l%ﬁ‘ ;&EIELWEH [ JE[J
EH',J A;ﬁf L2 V%a"lﬁhl Prj_ﬁeiéu rﬁﬂﬂ r uﬁ” .

*DHJ VPRI I > 5P DT P R R EE?EJ’H e I=iR]E ufm?*g‘ S IR
IR S o 0 R R - % PGS 0 O - PO - o

*F[JF%‘:{F%* SRV ‘ﬁijrcﬁ]ﬁﬂ EJ;};KF?]‘ ) ,ujfhlzgggq[]ﬁ:,§g —|:1ﬁ

= ~ FAST Fighid & HHpY ek

5 ff FAST % SR SRS AEEEY iﬂEH%ﬁ! FEITPRE e ¥ Rk EE s IS AT F e (1998 F ~
2002 = ) }?&ﬁl}%ﬁ#ﬁ%ﬁ Juﬂﬂ?[ ( http //Acezh com) > ﬁ;@1ﬁﬁ FAT R R fg'ﬁ:fggﬂ AR A
g o ST RE Y R }f SRR RS T’*w’?%ﬂ’j“ E’WF’\W Pk FAST = ﬁ’Ei Apo

RIS = 25 P53 b %ﬁ%ﬁf&aﬁﬂqﬁlﬂ | 1279 5P FESARE > B 11497 31 (39%) $5)1
] 6 F- gu[ﬁnqﬁphll&j— P 134 782 231 (61%) t VYN 7 [ R o I FAST 25
FURERE T | [P — P BT o SRR 4T

—ﬂppuu

(6) Most doctors of the Colonial period believed was caused by an imbalance of humors in
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the body.
(A) in disease
(B) that disease
(C) of disease
(D) about disease

(7) During the Harlem Resaissance the 1920's, much African American

(A)
writers, artists, and musicians came to Harlem in New York City,
(B
creating a cultural center there.
© (D)

FEPS T B PR 1 %{ﬁi@n ?ﬁﬁﬁ‘%*WI#’M“@ﬁ?@ﬂ
(learned genre ) ?I/glf[l » FE A laﬁfijf‘%r %\]’ﬂwjf ) ZHEED -~ 717 (clrﬁﬁﬁg) FrEd
RN > FéE [ dUgr e (AR s Iy ARV ECE - J%%?FAIF““ 25 M EF P FR
IR 2 u@?ﬂ [ ,EEFIH Fp (1 Wikipedia) - IERE 52 % i 75 P
af?“ffaaﬁl%u Eéﬁéﬁzﬁ ’ #?aa?i’ii R T T E] 34 Y e

FAST Ak fiu | IR - BRI q*zﬁ' :

hRE R

BB v R

q‘éﬁlf FAST -=Ak | I NAAR

EX IR b S prsud e %w%#»wﬁwmﬁﬁfﬁmﬂgééwﬁﬁ*<&lﬁyfl
PUPLSAREE Y T (32 8]) - IRISREEERY (33 4] [ W E % 50 (344 -

31 AT HENER 2 RS

rii%':f—r"ﬁt V] EPARLE S SR B R N RS PR - T griﬂ IFil E'LJFE'E*“H“ZF@*E““
=5 (M5, Wﬂ’i*%ﬁ”” E *u%k/ S e EJ’qi TR IS IR T U?“?m*‘%ﬁl*‘“’@ﬁ 73 1%' ’
}H'*E%ﬁ@?@‘t% "*%f[ P (E e SEZRIpY (NS0 Rl g (5 RV AES > PRS2 Pamela J. Sharpe
;19 T How to Prepare for the TOEFL | — j #%ﬂj?ﬁmﬂﬁﬁ'*“i’# FREEZRING oA H A 7
HF L IEEIR

FEF= F R IR b i TS T b TWIIRE > AP BRI Y o e
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TR AN IER‘ » IRERLINR EEF R - e iF ﬁlff R UBRL - o PR R
'J o 5y IF' i< 55 0 Sharpe Elfij}i% ARl Fﬁ_ﬂ [ W aiAg - PRI Tagger e Fm;}% s PIELT)
B2y [0 ?%'*FJE‘IJ?’“F’WH'?%“T‘ FHA S RS iR f ﬂmi%lﬁUF Jo e ES MR RO Y
F,JQ Fl E,vb FUT"J 2R —ﬂ[f&ﬂj‘f = fﬁ, HJ—; I]HJi;t p Vg RS S F ) 5T 7[:9%;‘?}%[ 7= EH:ELE{F[ J;';Fﬁxr
ARFTRF 718~ ol EE A la’fﬁg,ﬂﬂ'ﬁwwﬂ[ﬁb [4\Jﬂ—~’?9fFﬁBTjtF[’J‘}ipiﬁF[JH[]Elfjrhave
come nggj‘]\iirhv vbn U > “4ifikRL have “fi Fi}d j}gjpﬁ%ﬁﬁ; i tho bring ﬁl‘ﬁj‘]‘iirto vb
[ FERI T E RS YRR LR - s e SR GV =T = PR [ R
%F' I %u'fii“u’?‘/ S RO A, - e B aaﬂfi_ ?F;l W5 PR - AP (surface
pattern)‘if SHAEST R S P %ﬁﬂ ll’iFjQ_[ﬂt F—Tru? PR B AR Y AR
KL m\f’ Ry TR R VE??T Ay F"Iplﬁ&ﬁé"‘ %FIJ~F[§L A PR REAR
ﬂ“ ?ﬂf TE'FFIJE“J# abBAii e SeAR « I°

(8) I have come to bring you good news.
(9) ppps hv vbn to vb ppps jj nn

32 B AR T (B IR

AL EFIR] 2 2 Wikipedia E[J,mé]‘ﬂ%sgugﬁ »HNZG {8 n{ﬁf#[‘j:\%;@?ﬂ FERY Today's featured
article | Sﬁ 53 I‘PE R F '1»%’1 o T rTodays featured artcheJ 1o 7 24 F‘E Y J%‘ k ChLi
P4 > T IR PG l'ﬁ&n@“‘tr R 0 BT B (WS R %’7 Ejﬁ’“zﬁ n\?ﬁUﬁ‘TJ i (E'ﬁ
PO > TR ag R R T 8 H Pl - S5 P “3‘? Fé” A o AR U o R
=5y R o T ;[%ﬁi Ipife ST I A A e - ,sﬁ
] T ETT T = J]Es gm%hﬂ - g %ﬁn\?p ;wrm
PV Ty et guad ) A T AT e ad = * R T R 1 Y- T AR L A T AT
ﬂ[ﬁgl F{Jj/ T wgﬂu IHL S SERLRET [ EF [%[ ;[JF[J’ e F‘Tig":y WME 'thﬂ‘ [[ﬁbmvﬁi
= iFf - WAL VL REORERERE e - S Wﬁnw’ rilﬁ*“ﬂ“ fidls > fipe
- Eiﬁ" RENEHTR " For other definitions of fantasy, see fantasy (psychology). | » A kL ,ET SpEIEREN]
T Sfard <2 RGP TR SO Ao gm@% S Y
R EI;[‘@EIJ P el FFF IR~ [Jﬁ%g AR ,%.:IH;&\‘:\EEE‘V Wikipedia f'H » 51
JviH 1373 HJ—; I’J:E URE YRR -

B el raes dest B SR The Qe S BECOPEE = et G 4 sulan st uppuced o o)

Logond of Zolda 1ilfe
B e un i e Lisk ore of sl :

Thrdn=da § Smzul el
gt 1 that s

the barg of sachiame
IE A important g ffukarity of the character is that thare seo cevaral difire

whinky Lagwnd af Dodda nsa, sbfims )I‘—c.-

bgratbma . The svsrience of mglgie Lk i mads

SCrasmna n [t gaman_ whine pares arphotly mesien an sscand gendery champon

rdwtisl = bl s T

Ew oty Nl urwd ree Courd's Caam — B

----- wan it thin e Healiry
el ey Lrnk (Legend of Zelda)
A - From Wikipadia, the lopna
Pp——_
ot purws e Lk is he & fctipng! prol)ganist $om Hertsrda’s Lagend of Zolds widan game seiss. Link was croaed by Shigar Miyamato, and

1 ha whole Lagand of Zakds saiies
sithougs they Mlsrs 3 rermear of distinctv charsctansbey. Tha axivtes pia Link 58 alrveus an many BEESTIONE i the

Highivw - B5 sl - Wita leanmed smibe

Selected anniversaries
dume 1 Eion's [y v ranass countres Q00K

15 - Thes st bl g rovmy modem russ) wet pLaged -

ot g P

Fictional character

Fro gt racbed Gylesstar Tpo g
Tiphn etk | wieditans

B

i B of the St i bigoncan Ecvory =e4 puniated ¥y s
imilan s LEog i it ooy oy e
s
111 - Kool amal Sulins Fomumhonig =vew auocutad 06 Soap 1w & fictiomal chasactes s sy ¢
1L - M Secand pdupandescn o the il Ko wark: In ut
AT - Gl st fen dleel i w CorE g It i
poetry, thers i almi persard, bt otan orky in tha form o 3 1 an imagned b
Earane dayr 2l a1l - i :
TE anll - I vansus farm d cingens (encept for g ate pedarmed by actors, di
Aishlbyn = Dg amall - Weis asslysinsibii Bl , whirs chisstiers am wiced by

q«Eﬁ'D 1 Wikipedia &R 2V A
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3.3 EE[EE

HEEZS M Wikipedia AffF 1 HEE ﬁI #L%Z e F'J RN ?féﬁ{ﬁlﬁﬁii_%?i“\ﬁﬁi%ﬁf@*?’ﬁ o
[H%—AW‘FUFIJ_‘ ﬁﬁffw ﬁz_rmﬁ}“ A RL ol %%‘EF&E C PRI R RO
iMFEjFIJ TR SR G E Jﬁ

3.4 @&%%—aa

RO R EEE S PR %gﬂj[r', TE;[FIF’F“: ?flwf$FIJ%'if“J|‘L;[E,l ﬁglguﬁ%ﬁﬁrg AT %;ijg
HAH PSR RS TRL TR T RS R (P 1 gﬁ%Jwﬁm )
fFler '*ijgipj 5 Djiﬁi@ T ,iﬂﬁrﬁm B 2 RS AR rﬂ ;;,
— FE ‘*F'jg[ Jﬁs‘f i ,glfﬂi_%rﬁuﬁ]ipj%‘:ﬁu JEE i/[I%JVI have come to bring you good news. |
- F[JEUH { PRETH T SRRSO pO R [ 5l 53 FA have OB TR E = %Siiﬂ Eﬁﬂf’» PR U

‘Wh%ﬂlﬂ%%ﬁﬁ$ R 2 P65 10 o 34 “ﬁqgw{w 7 ﬁw“# HIE
?f‘ﬁéﬁbwﬂﬂﬁwﬁl WWH‘@ﬁWﬁﬂEWﬁﬂﬁ el s R S

fﬂpi Ed =R FF”?W@’F[ ‘iﬁ, A R SE - PYTE] -

(10) 1 to bring you good news.
(A) have came
(B) come
(C) have coming
(D) have come

_;l

(11) 1 have come you good news.
(A) at bring
(B) to brought
(C) to bring
(D) for bring

P4~ FAST 25 £ ¢

5[ B FAST B SRS BB AL H I r) N A e
http://140.114.75.15/FASTWebSite/WebForm1.aspx °
%[fFIEUF%EJr[‘ T HT R BLAS 0 [EREF RO - F]El AR A w&ifgl P B (e
£ oI 20 ™ 5 %‘”ﬂw¢ﬁ%W%§?&ﬁI w«@ mﬂ<u%%
uj R 17 Hgf,l# F[[Fl@ﬁﬁl[ﬁ,,pk Jfﬁ 7y )
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Types of Problems [J@verb [J@Pronoun [J@Noun [7]@Adjective[ ] @Comparative[ ] B Preposition

12345678910...

Check Answers Question Choice
i ) a) whose end
i B) th d
i &n additional nuclear arms race developed between India and Pakistan DI
i during of the 1990s. Ccyend
© D) with end

D) the island

: O Ay its island

: 'B) whose island
'Three of these parts England, Wales and Scotland are located on of )

EGreat Britain and are often considered nations in their own right. ¢ ) with island

= FAST [/ i

e o 3vl ifﬁwﬁﬂ@'bﬁﬁwpéﬁﬁm"# B o (RS PP PO
ELJIP:IH A (e S o I&’Fﬁ&afﬁ,nfﬂ Be 497%;_]Ju FEE NE = G :.izic'g, ; ;f;l—“-fségl I/ I
"E”‘F,I 92% ﬂJgIﬁﬂJﬂo‘@ FAST iy H 5 > s H 2657 1171 %_”?1/ ESCIRNTE i[> RIE w*grj,
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/n/ R0/ /- ind going
BEHE B/ /Y% T X are ~ ¥arm
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A Mandarin Text-to-Speech System Using Prosodic Hierarchy and a
Large Number of Words
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i;ﬁ”;{:’?pfjgﬁg\l ’ﬁELW’F@E@ F]JQ' o FJE”%'.*E?EF'F‘UWE  PIE e TAYIREgE ?\@?EU o @F;[Er:ﬁﬂ;t
FLUBRIEE - > 21 lgﬁg[ejﬂj;cq¢§¢F[J;'¢gr$clﬁjIiwl Eﬁ% VR O il oi¥ L QIR BiE F'H
B YT U] 1,923 ft o HUBS T TR0 E) 6,050 fu o (BR[O i AR DIRRL -
ﬁ@frﬁ R ROREININ > e R PR RS RUR AR VR YR Eluﬁlt”mu@ﬁcu
PR [ o AR o ZHIEPIEORRFSTE 51525 o T I [ R R
R BRSO A e (D) > H II*%n FREAEIRER - iR ?hﬂﬁﬁ VIR

EX: =0 — e Sk MR B kiR Jﬁjﬂ

DR eV ﬁﬁﬁ@?m:-pw'ﬁj@iﬁ [EX Efjjrﬁt

- A R ek E

W _ Jﬂ&:ﬁJ Ej\'lyj%ﬂ\f\ﬂl 2 JF: B szqi E @F{':Jjjﬁ‘;

I I

T

& 2 i P %é?;:i YOE RS iR pEE Oy RS
P - RGeS

2.2. CART(Classification And Regression Trees)

CART RL~ 782 % (binary) 73 98k < 53 IR EJ f‘*ﬁﬁiﬂ%ﬁ‘*ﬁl 15053 Ko Bl ek
& 2[R Gini PRI IRE FIFOEET - DAE- SOy HIE EPRL BT R - D
Foo R %{-ﬁ[fjfj%l’ﬂg}){éj[ » SEE( SRR RO o
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F

[ = CART 53 #fsT

PI SR (SRS MY I E] A S A B R I ¢ - s
R F RS o R T o FIRER TR SRR » F e RIS I
PRBEOETED « 7 FF SRR - PP IR AR ARV - (R
i b d= L) B - H J,sttmé s L S

4 (B AR I T P53 5 515 2+ 22 fno break) ~ | fiei(minor break) ~ I'J 2]
feii(major break) » 7! |25 1) {1 "] CART lﬁm' 4,354 57 1 - i CART | FABIL - LI
o 2 R VTIT  ERLES (P U A R A R I IE' )] CART < &f7vp]

(B Jp T =

23 AR AR B

Input sentence

POS Tagger
v

POS sequence

! v

Parser

!

Syntax tree

Prosodic hierarchy

|

Output prosodic hierarchy

A+ - qg%g @l
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Y FIFOp- 2V ORIV - kL PERIPTELEUR Y FE(13] - AR UYL R
Vi F K,QF%Z‘\D AR ?U:FWJZ?& F[JQ'EI'UF@ 1€ "¢ (prosodic hierarchy) - lF%[[E‘ TR WZ’E‘ ARl LRL
EJFA»I,}—\I/ F]J;};P?(Text analysis)iﬁ]’*kﬁﬁE'* o 4\554 ’[':J%E[%i]pqg\w > F,J&‘gq\«iﬂ;ﬁwé«ggﬁajr,
AEGRIGHIT: g DRt A BT - B IR Y B e R R
Bt o

B RIS PR BT ST T - IS Y oo B H TR T e PP
P 51 M5 T O ERAR DI T - 5 [ (M e e b
FPEI RV BRI 3 7 £ RS PIPARTREIER 1) S BRvEge - 25 Pt
EMLEY gwj[ufﬂ’ﬁ[ Y2 o

—E

S
[ | ]
NP VH S
—I— v | ' I !
NP - (iU Nac | @i NP VCl1
—— v . '. ] [
NP DE | ayf| NP VP - iy Nab Ll VCl1
[ v v . : v v
Ndabe i FiE| VP DE E;IE}' fi Y
* [ | . |
Hifey VP Caa VP 5]
[ | L | * [ L | |
Dc V(31 NP || Baa Vi3 NP
v v v v — I .
12 fF,"J‘ 2 FFE & HE| NP Nad Nab
Neqa B AFE
v
[ - A L -

231 T A T B
= Al lﬁl CRNERERT & B I mﬁ“’ﬂﬁf“%”' J= I} H1 5 (prosodic
word)ﬂ'?@nﬂ? [Drl(prosodlc phrase) ° ,9|FEJ§“F ?E'n_if-‘jﬂl?’-ﬂ,jj}-ﬁ Eﬁr’?AE ) ETF e HH i JW@(HJ
B i “ﬂ“ﬁiﬁi’&ﬁwﬁ“ﬂ“ [l BEERTHCS FDROT B 01 E 9 2 o RIS
IMFEJ“N TR [uﬂ (s =S RO lﬁlmﬂﬁrﬂfﬁiﬁ* el @Eﬁl SRR | IR
chﬁ*ﬁéﬂ<mwu3ﬁ%ﬁo
HO R T ED T Y

P

L% 3 K 13 4-8 9-12 13-18 19-22 23-30 31-39 40-41 >47
PW &g F'J?% 6 6 6 6 6 7 7 8
PP &g F;J:‘i fu:‘i 9 12 13 14 15 16 16

2.3.92. [E“’TEFE*F" I—F@LFI
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AR A, VRS B L R R et bottom-up) £ T
Py EEAR B & - 250 = R IS Pkl iy e - ?%?F fﬂ
PR P ET  J E BE SERCD B 8 M PR 4
[ BRI 48 ﬂﬁwﬁwlwwﬁfﬁw (et RS (R 25 5 ) %ﬁwﬁ
5Y5ES B - AR ORE R " -

S WEOATE | A9 TR B LA T R 2 s

NP YOaE | | VH || S R R R IR

NP 55 |2 12| FRE 5 (24 F | H a5 PR o 5t VCI fji| 2. VP T

NP F{”ﬁj VP - iy 154 UF[F%'FWIE'F‘J: ARy Nab 1 5!

Y I=E TUF’FE'FMEFJ& AR DE 9

VP 2 [’F =[IRFE Caaﬁ‘} VP @Fﬁﬂil AR

Daa & Vj3 F‘ﬁ?J NP £ g

- AR

B RS R (R AR 4 e PR T R T RO IR - TR
FIT £ PEROIEIERL T f- G B s =B e P RS iFEJD‘%H NP(HfsaE DA VH(f )
(5 = AL > VL Z )T VPR 5 b [T« IJFREE - (et 5 Foaiid - I
T = ) Daa(ith) ~ VI3(H E))  NPCE 3R » 25 P 7 ;Jmm oA )
‘?{ Fﬁ' fH: Daa({E)H! Vj3(ﬁj"ﬁj)
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S F{r}’ﬁﬁﬁlf@ﬁﬁ i R

AT (R L B IR OB = e
Fﬁ’ﬁfﬁ'fffil{TE'fZE’lfﬁ S e LB TE|R Ay I ¢ JEII @t R ) 5 3
NP A7t 2B 12 FE f'&lﬁ'% L 'EJEU%E%I m?‘.%g]’
EP%I"EJ VP - [y 32 ETE( g[ﬁ&}a,l;a]t B B I

VP i 32 EPEAREY EF] T H R fiv
1= IERHE Y VP B #)H S

EESN AR

[ - TRl
o 25 PR )

|- PR R EiN TR GT e o P CEIPRERL ()
A ECHRAR RO B 9 - BRI T T (o S
,E, GRS R | F,@?& ;é‘ﬁsu?ze‘hgj [”F' g@wggmg 71F,|ﬁf7—h,@'

B F%L EHECE > RIGCEVET £ LRIE[FRRIES” g;a]t A
Bt OB B 15 - WIS pORE S i BT
f;ﬂu > HE Rl iy]-F u glfma{ﬁﬁ B I\FIFE[
(ELRLFT S

T kL 16]
F[FEIFK/IE}‘:]‘C Fde g

%” o E[l
FI A A - S0
o HERR fi i pod glw?pr:% 16 >
R T R PRI MF |

« ’:’J”
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(Fr 1 P = e B Diag
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Flﬁmuﬁ‘“gl@rﬁﬂ’n 1;‘]% Z[IF lfglﬁ&lﬁ.ﬁt g IR [J%ae}'ﬁjj e

BT AT | R S (B F B PR O B T
|| R s esRe | e iz et
i - T SR
B SRR Ry s TTET s IRRIEPIR Y R E R T TR
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TR - BRSPS R i
7 TR A RS S - R IR R -

Fﬂ e 0 TSR £ 8 R P

Pﬁ'ﬁf@l@ﬂﬁﬁ I ]:Ei[ tHERE £l jyfF Z[IAE %lﬁ‘/ lﬁr}il]‘ F U EIFI Nj g@;:’ﬁ'ﬁ‘ Oy
|_I—| [ L I | |_I—|
g i | | ey wpiEripey | | mee || semommp || ey | | pewn

!_H_V_\|!_¥_L¥_\I|IIIIII|!_‘_\

EfoEECE W R I MR P B FT e WS MR o By s
i - - It e R Bottom-up)

T ';%F{‘p‘j /‘[Eiy]ﬁ'fmﬂjw ) 1%,5{'[@“ | rule-based fiv T iE o3 I*?’QKF"[ IR T ljjﬁr'lﬁgﬁj
(T ) B VLRI (2T ) s 2t ¢ﬁ§%@wﬁﬁﬁﬁﬁ
B SO -

IF?[ =-%j]|(Phone Sequence)

l Yes

Rulel #E:4 |
(Was the word recorded?)
g{.
No ’ L&
i IR #1153 g 1RV ) /g
Yes §
Lk = =gg <
Rule 2 &[] I#\E]E'JFFF", > %
(Was the syllable in a word which was recorded?) 3
(]
No (%
N s [ EETry 2L =
ij’, Eﬁ'ﬁ“(?ﬁ[ﬁip\/ﬁﬂn FI\J?‘] SEIVS D %
=
=2
(Select a syllable from monosyllable database)

RIS

Ij]’jr%[ﬁll:[l ) lﬁﬁ rulel # rule3 ?HF 1E €1~ [l - 7 rule2 o | FJ Jj%ﬁuﬁ EE'IF" » 241
U I (4 Bl ot Y TED P » g IEL ZUH HF Rt > kLA (1) G gD (Position in
word ) *D (2) H ?}?&f} IJ?F% (Tone) 1 (3) 9'?’}/@?}5@?’% (C/V%’xﬂﬁ) $fﬁ?’}§ﬁ$ﬁ'ﬁﬁ3
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PR < gl P I FOAE SR R OGS TAGERRN O AR F R P R
?’I;D@%]EUI*EJ g {zjl%l—“jli[lﬁ‘ [-F[F“_LEF&‘ » 3 [[r‘f‘ I'FI :[J A -‘"jFl “"JHI F—C' ’ '7”‘0':] I&[J%
(MR ORREE S ET O U 1ErF"FJH' R tﬁ*ﬂ&') 5] 5@57%@ Frlpl 1

TS, o A2 BB F S AR

AE - )
ot | EwLE | giAAEAEr | AR | R
5% 1‘5’{1 F\[ {usg v/ xl =59
nt |0 AL 779 |h A
nt | R L AN 7=
ok | pE 2 P — oYy

@?ﬂﬁf ww4w%ﬂﬁ%5rgMAﬂﬁ BlE f¢~ﬁxht A 5 V)i
HEReEE %ﬂ4§11%@ il 12 S 7 A o PRI VS SRERIF | AR R L A
&?ﬁ FOfefEre “H ;p F{[ oA j—"JH[r*EHﬂZIE[Tﬁ *fp’?ﬁirtﬁ T BT EE L 'ilF‘W
AR HEET 05 APIED T PO B ORI PIERHETL o
@mﬁJo%ﬂﬁ&fb% PR U5 AT i - (FERER R

4 R BRI

fﬂ]fs{fj’ﬁl@ TTS E[%ﬁ&’m?@ﬁj & P'IF?[ S~ (R f]%l‘ bjFrl B oo Z5{MI Fﬁ‘y?ﬂ% EEIVAYH
“?ﬁﬁﬂﬁﬁf’f}%}ﬁ@&’?}ﬁﬁ i ]é‘rf, U%}ﬂfﬁ liﬁmﬂlﬁé%pﬁﬁggf MR 3]k
L?E@ guﬁ‘[ﬁiﬁ?'ﬂwguﬁ,F[?ﬁéﬁuﬁﬂj IIFﬁ Bl JRxdAlE %}%ZFW’?%,I‘}E Fﬁ,wﬂlg,

ri?‘li%@ﬁiiﬁ' o 2 R ][pﬁﬂrllgﬁf[;ﬂj U1F, 4%’“5 FUE i (overlapping ) ~ IF"[;%F%}
BRI [ORIRSHBET - =5 PHRIVAT BIE IR = 25 PSSR ) PG o
@?@’D%WWﬂ

AP - A

A PR A (ms)
Minor break 50
Major break 250
(o) 400
B (- ) 625
v (2) 625
R (1) 625
SIHEC) 500
() 250
F9E () 30
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Y AV Prosodic Word [FIRLT: "béﬁi (RCEEY o [EURL T B ERF ] E"Fﬂm
HEFOR R S IR E'%W%FIH%E%%@?EW? SR fMJWr“"
T, E”H‘F? ”:_ui = l: l;_—fi},?ﬂjm FEI ﬁ}ﬁﬁ'ﬁ[ j;[fﬁh (OVer]applng) %[fﬁ‘l]fl Jm@ triylf“i )}*"1%[8 F[’fr‘ﬁ:[_[—\(‘:ﬂlr
PPy PR (§ r“%UF \\\\\\ THERR ).

AT - R R
i FURFALS T
9%7ELT 0
Uy 0.05
(4% 0.1
TITRL 0.15
N340 0.2

?if] EEIUE%‘%Z B 25 1M 1 "] PSOLA 3£ f??ﬁﬁé“ * [IRLE A cut off (:"Jf, ) E"Jiﬁfﬁpl'jg', %
B pufsz yﬁﬂﬁﬁﬁ | - POTE IR = RIS P E VR e B RS
,‘:;“’JJFPI 7 E'[ l:,—rﬁa’ﬁﬁzJ TS JJF%I R 3‘\,:|FEJIKF"|;£“T %L (fading-out ) frusgfl [EIJE[S-%'E[T
Ly E‘W

rjjj’;f'] B> l%lj\ﬁlﬁfﬁzﬁu*ﬂﬁ’ ’%"T%’Té’/ﬁ:;ﬁ ﬂ[l?ﬁ% :%E%(jﬁfji};gfj '[‘?j% o J& 7 (fading-in)
A& (fading-out) = fI¥] ‘H@‘[EE?”[E' e @F%ﬂ ffﬁg'?ﬁ%mﬁﬂﬁ%@il\ﬂ n l[ﬁigﬂr’ Qgﬂr
- fil}jﬁr<xl,x2,x3, "X, > 3)\ L[TFIJ ?WD(:“ 1)9%7 o [ﬁj;]&%iﬁgl’@r%m ,ik‘k F[fj ;Tih‘y[l(:c 2)
e SR E S R Tl fading-in A1 fading-out » SYRLRL (1) (8 fHI = i € i
O R (fading-out) » (2) f45% JHA 20 £ SIS SR 4 (fading-in) > I3 (3) 7|
?ﬁ?{ﬁ@;{ﬁ}?ﬁ;’% (fading-out) °

e n—i+l _
xi(fading_out) - " +1 i=1~n ) eeeeneees (?L 1))
I
Xi fading _i =x* vood=1l~n o e )
e ]

5.3
5.1 HllFTAR M RREE
IR F GRS 12 P At AT Version 2.1 e RV b e » = [)FjlwE
AT lin\ij?[ £} 54,902 Rl 1Y fUREHARAST (ERLE APRIHE e - &R %7 HF’F M
PUATFEL Y P BRI T - PR R T p,wi =5 [P AR I
R 51939 fur e (R R > Tl AT fbk P AR 5 IRARTR RLA R e R
wff gsmgu— (inside test ) » {/beaﬁ”ﬂ?‘;gwﬂjc'ﬂlf'ﬁ“u T o RPN TS R T ] TR R (15]
R RTS8 < T2 9 pqh@ﬂﬁlﬁljuﬂ#waﬂf‘&ﬁu#’?‘é' o [l 2 RS - 5
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FEIR (= AP oA

%f%fﬁu%%gmﬁﬂ |'Ff[ » T fFEj SR ?ffﬁ‘(tree structure) ?Fﬂrj,c'(Label) }‘FIEF(Bracket)[":L PF_:} fiYy
P B FISEPY F fATSE RSBA S [ FUTIRL PARSEVALL) » 25 PR 917 U7 i 152
RENE

it BT+ SP(Structure Precision)

_ #correct parsing tree of testing data

#treebank parsing tree of testing data
o i FQF I ’F"E} LP (Labeled Precision )

#label correct constituents in parser's parse of testing data

#label constituents in parser's parse of testing data
L Ejﬁjfﬁ Sl ”[ﬂ'} LR (Labeled Recall )

#label correct constituents in parser's parse of testing data

#label constituents in treebank's parse of testing data
e @F%'}rﬁ:% ]'F‘[ LF (Labeled F-measure )
LP*LR*2
" LP+LR
4 ?ﬁ%ﬁéﬁ* BP (Bracketed Precision )

BP — #bracket correct constituents in parser's parse of testing data

#bracket constituents in parser's parse of testing data
° }‘ﬁ%ﬂf [H1=¢ BR (Bracketed Recall )

#bracket correct constituents in parser's parse of testing data

#bracket constituents in treebank's parse of testing data
° }‘ﬁ E*F}"’iﬂiﬁéi |’F‘, BF (Bracketed F-measure )
BP*BR *2
~ BP+BR

WERGAFIIAA 7 -

*oh SIERURREN (L %)

SP LP LR LF BP BR BF

38.78 61.96 64.31 63.11 70.04 72.80 71.39

FRESIBTAT A Ll Ty > T Sl RRRIAS 5 (PTt = RoIfIOds B2 it ST K 70.04%
= 72.80% © gﬁ*@ﬂigﬁ’“ﬁEﬂﬁ$W?$W?ﬁ” U RLGFE A (parse tree)[IF ead:
T SR ]
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5.2. JREH PRV R
B S RLE BRIV o 25 LR S MORE ARG S RS I [ i
< RS e R o P LT T Y IR (T A

%~ - confusion matrix

Predicted labels

True

labels BO B1 32

R B (= 0,1,2) FAFRE N GIEDIVEHEIE - B, FA FoE A T
I (no break) | B, %= 32 a7 Fﬁﬁhﬁéﬂf » Y ] fFi(minor break) ; B, - FJ} 35 b
LRI E A lu[ o Il@f‘E(maJorbreak) HSEERLe  (1=1,2 3 )R FEifpoE ﬁ#ﬁ@“ﬁéﬁ
% TR »@ Mc , =123, I1F )F E"‘E‘(' i;t‘p‘p]@:c B PJI@/L@F]EI%’B/ AU

= WIHIR  TlpisR (Recal DESFEET 70 £ -
Rec; =C; ZC,,- (i=0,1,2)

Fo AR I 7y > FS P A E] B, (no brealofis 1]l
_C
ReCO a (%COO + COI + COZ)
~ KRR (Precision) VR fT H=0 1L -
2
Pre,=C,/>.C, (i=0,1,2)
=0

e ORI - 25 PR 2 B, (no break)fiu i
_C
Preo a (%COO + ClO + CZO)

= Fﬁﬂi’%ﬁj[ i JL*FE} (Accuracy)fiUFF 5T H 7V £
Acc= z C, Z Z C,
i=0 =0 j=0
AT, + 25 PO Ace 15
(Coo + C11 +C,)/(Coy +Cyy +Cpp + Cy + € + €, + Cyy + G, +Cy)

BERRLENREOLE0 3 M RLRITE Y " TRRIIVEIR 5 D1 B ORI S DS
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P li“;};ﬁ E’y?;ﬁ?ﬁﬂ f 7" CART [io55 5RT> [iy— 2755 LR aﬁ%’ﬁl ST S o i S A
CART HZ[pUFHN o F Rl ?ﬁuﬁmﬂﬂﬁk ) tjuﬂ,{a[;faql?@@[ggfg I;I[jj/\lﬁﬁﬂﬂiitﬂ JIEIER
SN :??”%-‘F,Hﬂ'iﬁu R o B RLTBIRTRL £~ SRR AT IR J% AR
[ Acel A7 FETfEF » Ace2 AR B A1 B2 i £ fil- ?}fﬁlﬁq'r’?@ ER[|ERE

# 7 - CART 5N

Predicted labels
True labels
BO Bl B2
BO 30,434 3,198 126
Bl 5,758 6,810 372
B2 635 1,381 514
Accl : 0.767 Pre0 : 0.826 Prel : 0.598 Pre2 : 0.508
Acc2 : 0.791 Rec0 : 0.902 Recl : 0.526 Rec2 : 0.203
#.Jv - Bottom-Up 5
Predicted labels
True labels
BO B1 B2
BO 156090 7384 4502
B1 54390 5471 5062
B2 7854 1828 2911
Accl : 0.669 Pre0 : 0.715 Prel : 0.372 Pre2 - 0.233
Acc2 : 0.698 Rec0 : 0.929 Recl : 0.084 Rec2 : 0.231

5.3. ﬂ’ﬁﬂ?’[ﬁf‘fﬁﬁfﬁ’ﬂ?ﬁz
IS PR IBIF%A 53 HIRE 5 F IR (naturalness) ¢ ["F'.Jilliﬁuéﬁ ( preference testing )
%pp PEE (intelligibility) [ o 5 {7]]*] MOS (Mean Opinion Score ) 1?%%19&‘3 Dﬁ,p] FIgR
o Hikwrll ?Eur‘ﬂﬂiti?ﬁ“rﬁ % ﬂik?ﬁ HEEE - Fvlﬁ*u ﬁg,?*;@!r ”gr”% A
k555 JIETF{ I+ (excellent) ~ 4 55 © % (good)~3 55 ¢ F[”EJ (fair)~2 75 * # (poor)-~
Fj= (unsatisfactory ) ° IHL‘H?EU:} VIR Tk B ey (e A’?f;ﬁf[ %3@? HIVEEF - [l o
[ﬂi’l‘?ﬁﬂ?ﬁ?ﬁ‘%@?ﬁlﬂ%fﬁlg'Jﬁ'[ﬁJﬁfm’ fU o PR IRR ) T R QIR A %@?{F’i f
AR pe T -
5T VPOMIEEE L 8 R HiER AU L F k6 FHIFH 2 b o T MOS yﬂ”?ﬁﬂq”ﬂj&-’
29[] I Z5MELT JES% (paragraphs) £ ?ffﬂ“ FUEH T 20 B 0 BRI 15 2 25 Wl
[ IS %Té‘”??mﬂ%ﬁuﬂﬂ = SR F‘j R WH (CIRE AN ’I'tTJfll?F‘H
F EI’HW’?F'H R RIS © HRRE TP ‘“WFEJW@‘?UF Prosodic Word fH]fiy [ feFTRL
IF;[@TQF”T[ G EIRVE T R ]ﬁ*?ﬁﬂﬁg WERRH N IAA FIRA — o PYHPVEN AT 25 M
FL« EREH T PAGH ]| Prosodic Word R[S | (el o 7 [ PR FIRR > B E] 97_2%E15JI—’F}T§’§&< o

H
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FA PR R
WRE | GESMEIRCTMOS) | R | PRIPIC EMOS) | e
i
MOl 4.05 0.497 4 0.474
MO02 3.15 0.963 3.15 0.792
MO03 33 0.714 33 0.640
MO04 4.385 0.504 4.67 0.181
MO5 3.55 0.668 3.65 0.852
MO06 39 0.538 4 0.632
MO7 4.2 0.748 4 0.707
MOS8 2.95 0.804 2.95 0.804
iy 3.68 3.715
Af - R
R AR (%) PAEIR (%)

MO1 40 60

MO02 50 50

MO03 55 45

Mo04 50 50

MO5 70 30

MO06 70 30

MO7 50 50

MO8 55 45

Ty 55 45

P (EFRRRL R ™ H T (= MOS Y8 ﬂﬁquﬁfwﬁ@’mﬁwaﬁy

CART AHI¥ ?iﬁﬂ“ﬂj:kwﬁ‘“b#ﬂ?@r”[J?ﬂ&hi[@'@g,{ ;;/x ’?’F'Lju:ﬁ?l = S e g F[
By ﬁl » H] CART HI¥ 1A A#f F#}éﬁﬂg‘ gﬁ F/\[

E

FFHE ?EU

53 ¢ SN THRL O R R VIR
GV S AE I B G SR
I EgE e :'Efiriuf,?ﬁﬁfiﬂlf; 0 ST

4575

4 55 ¢
TE e
355
255

173

rJﬂ‘ 3K w MOS ;

gAY

‘l|:|7JF

AL (1)

TUYEI3] - ZHME

- T I A

%7»%@H@W%Wﬁm’?W@W%%&%ﬂiiﬁ%%ﬁﬁ%

: 3—%@1!%%%’&

m - R

~ iﬁﬁp Jrﬁ-?ﬁ

S
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L[ 1=1
Lo

TFP,”’T% HPUHCRL .

= [FE‘%E‘ 15 IE‘;'DFITFP[ 5,%!%[1\ l%\iﬁ[ EH?’I ET'V;[H:_ = & o




WRSHRIIAA = 5 o A Z A7 % MOS W1 ™ W BHAROT 19735 PR
Bt 3w MOS [T > 5 80T P9 B9 e PR 2 (O R T B CART e
&%pﬁ@@w@ﬁﬁﬂ’@ﬁwﬁ % o B VR DR POUAIRRST CART » (HALHFIR (T
AR CART #if o

HA = MOS

]| EH 2 | W3 | FE4 | FWHS | HWHo | WET WY 8 Ty

= CART 3.45 3.65 3.55 3.35 3.5 3.9 4.2 4.1 3.71

RREY 1N 3.48 3.9 3.45 3.95 3.45 4.18 3.88 4.25 3.82

Y| CART 4 4 4.66 4.66 4.66 4.66 3.66 5 4.42

VAT 4 4 4.33 5 5 4.83 4 5 4.52
6.?1‘1%?]1%1??% RN
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Emotion Recognition and Evaluation of Mandarin Speech Using

Weighted D-KNN Classification
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Department of Computer Science and Engineering, Tatung University, Taipei
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Abstract. In this paper, we proposed a weighted discrete K-nearest neighbor (weighted D-KNN)
classification algorithm for detecting and evaluating emotion from Mandarin speech. In the
experiments of the emotion recognition, Mandarin emotional speech database used contains five basic
emotions, including anger, happiness, sadness, boredom and neutral, and the extracted acoustic features
are Mel-Frequency Cepstral Coefficients (MFCC) and Linear Prediction Cepstral Coefficients (LPCC).
The results reveal that the highest recognition rate is 79.55% obtained with weighted D-KNN
optimized based on Fibonacci series. Besides, we design an emotion radar chart which can present the
intensity of each emotion in our emotion evaluation system. Based on our emotion evaluation system,
we implement a computer-assisted speech training system for training the hearing-impaired people to

speak more naturally.

1 Introduction

Recognizing emotions from speech has gained increased attention recently, because automatic emotion
recognition can help people to develop and design many applications about human-machine
communication. In emotion recognition, collecting corpus and selecting the suitable features and
classification algorithms are the two most difficult problems.

Language is the most basic and main tool for the human to communicate thoughts, convey
messages and express aspiration. For the hearing-normal people, the process of speak learning is very
natural. But for the hearing-impaired people, it becomes almost impossible due to no auditory input.
Fortunately, the hearing-impaired people are not profoundly deaf and remain some level of hearing.
Using these residual hearing and other perception, the hearing-impaired people can still communicate
with other people. In real life, we can often see that hearing-impaired people converse with others by sign
language, lip reading or writing. In fact, sign language has low popularity among general people.
Lip-reading is just a reference because it has some limitations in Mandarin vowels. Writing is not a
convenient way. So in many language training, to teach the hearing-impaired people to speak is the
ultimate goal.

For this reason, we want to design a computer-assisted emotional speech training system. By using
this system, it can assist the hearing-impaired people to learn not only to speak correctly but also to speak
naturally, just like the hearing-normal people. Besides, we also use the visual feedback in our system.
Just like in many singing training system, we can see the singing score on the screen after singer has sung.
Speech therapist can have no trouble to teach hearing-impaired people to speak with emotions when they

communicate with people. This mechanism can let the hearing-impaired people better understand their
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speaking state and make the whole system more complete.

The emotional state of a speaker can be identified from the facial expression [1] [2] [3], speech [4]
[5] [6], body language, perhaps brainwaves, and other biological features of the speaker. A combination
of these features may be the way to achieve high accuracy of recognition. But they all are not
unconditionally prerequisites necessary for extraction of an emotion.

In this paper, a system is proposed to classify and evaluate the emotions, including anger,
happiness, sadness, boredom and neutral, from Mandarin speech. Several early research works in this
area are reviewed as follows.

ASSESS [4] is a system that makes use of a few landmarks — peaks and troughs in the profiles of
fundamental frequency, intensity and boundaries of pauses and fricative bursts in identifying four
archetypal emotions. Using discriminant analysis to separate samples that belong to different categories,
a classification rate of 55% was achieved.

In [5], over 1000 utterances emotional speeches, incorporating happiness, sadness, anger and fear
from different speakers were classified by human subjects and by computer. Human subjects were
asked to recognize the emotion from utterances of one speaker in random order. It was found that
human’s classification error rate was 18%. For automatic classification by computer, pitch information
was extracted from the utterances. Several pattern recognition techniques were used and a
miss-classification rate of 20.5% was achieved.

Nicholson et al. [6] analysed the speech of radio actors involving eight different emotions. The
emotions chosen were joy, teasing, fear, sadness, disgust, anger, surprise and neutral. In the study,
which was limited to emotion recognition of phonetically balanced words, both prosodic features and
phonetic features were investigated. Prosodic features used were speech power and fundamental
frequency while phonetic features adopted were Linear Prediction Coefficients (LPC) and the Delta
LPC parameters. A neural network was used as the classifier. The best accuracy achieved in
classification of the eight emotions was 50%.

Machine recognition of emotions using audiovisual information was conducted by Chan [7]. Six
basic emotions, happiness, sadness, anger, dislike, surprise and fear, were classified using audio and
video model separately. The recognition rate for audio alone is about 75% and video alone is about
70%. For audio processing, statistics of pitch, energy and the derivatives are extracted. Nearest mean
criterion approach was adopted for classification. Joint audiovisual information of facial expression and
emotive speech were used. The correct recognition rate is 97%.

For the system proposed in this paper, 20 MFCC components and 16 LPCC components were
selected as the features to identify the emotional state of the speaker. Subsequently, a weighted D-KNN

modified from K-Nearest Neighbor decision rule is adopted as classifier.

2  System Architecture

Figure 1 shows the block diagram of the proposed emotion recognition and evaluation system. The

process of emotion recognition is the same as most previous studies. Differently, the evaluation of
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emotional speech is a research that only a few people focus on. Therefore, we will emphasize the
evaluation of emotional speech in our research. Of course the recognition of emotional speech is also the

core of our research we were interested in.

Emotion | Recognition

Recognition Result
oD T Eson [ Wehed D NN

Evaiation [T Radar Chr
T —*| e, Lrco) |

Figure 1: System architecture block diagram

2.1 Emotional Speech Database

We invite 18 males and 16 females to express five emotions, anger, happiness, sadness, boredom and
neutral, in their speech. A prompting text with 20 different sentences is designed. The sentences are
meaningful so speakers could easily simulate them with emotions. Finally, we obtained 3,400 emotional
speech sentences.

After the three-pass listening test procedure, 839 sentences are remained and evaluated by 10
people whom did not have their speech data in the 839 sentences to take part for the final listening test [8].
Table 1 shows the human performance confusion matrix. The rows and the columns represent simulated
and evaluated categories, respectively. We can see that the most easily recognizable category is anger and
the poorest is happiness. And we can find that human sometimes are confusing in differentiating anger

from happiness, and boredom from neutral.

Table 1: Confusion matrix of human performance (%)

Angry | Happy Sad Bored | Neutral | Others
Angry | 89.56 4.29 0.88 0.77 3.52 0.99
Happy 6.67 73.22 3.28 2.36 13.56 0.92
Sad 2.94 1.00 82.76 9.29 3.29 0.71
Bored 1.26 0.44 8.62 75.16 13.65 0.88
Neutral 1.69 0.91 1.56 12.27 83.51 0.06

Table 2: Datasets size

Data set D80 D90 D100
Size (number of sentences) 570 473 283
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For further analysis, we only need the speech data that can be recognized by most people. So we
divide speech data into different dataset by their recognition accuracy. We will refer to these data sets as
D80, D90, D100, which stand for recognition accuracy of at least 80%, 90%, and 100%, respectively, as
listed in Table 2.

In this research, the D80 dataset containing 570 utterances was used. Table 3 shows the

distribution of sentences among the five emotion categories for the data set.

Table 3: Distribution of 570 sentences

Emotion Category | Number of Sentence
Angry 151
Happy 96
Sad 124
Bored 83
Neutral 116

2.2 Feature Extraction

A critical problem of all recognition systems is the selection of the feature set to use. In our previous
experiment, we investigated the following feature set. Formants (F1, F2 and F3), Linear Predictive
Coefficients (LPC), Linear Prediction Cepstral Coefficients (LPCC), Mel-Frequency Cepstral
Coefficients (MFCC), first derivative of MFCC (dMFCC), second derivative of MFCC (ddMFCC), Log
Frequency Power Coefficients (LFPC), Perceptual Linear Prediction (PLP) and RelAtive SpecTrAl PLP
(Rasta-PLP). Due to the highly redundant information, a forward feature selection (FFS) or backward
feature selection (BFS) should be carried out to extract only the most representative features.

In FFS, LPCC is the most representative feature while in BFS, it is the MFCC. Finally, we

combine MFCC and LPCC as the feature set and is used in our emotion recognition system.

2.3 Classifiers

The simplest classification algorithm is K-Nearest Neighbor (KNN) which is based on the assumption
that samples residing closer in the instance space have same class values. Thus, while classifying an
unclassified sample, the effects of the k nearest neighbors of the sample were considered. It yields
accurate results in most of the cases. However, the classification seems unfair only determine with a point.
The k-nearest neighbor classification takes k nearest samples of the testing sample to make a decision.
When a new sample data x arrives, KNN finds the k neighbors nearest to the unlabeled data from
the training space based on some distance measure. In our case, the Euclidean distance is used. Now let

the k prototypes nearest to x be N, (x) and c(z) be the class label of z. Then the subset of nearest

neighbors within class je{1, ..., number of classes | } is

N/ () ={y e N, (x):c(y) = j} (€
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Finally, the classification result j <{1,...1} is defined as a majority vote:

j"=argmax;, [N/ () 2

Modified-KNN is a technique based on the KNN [8]. When a new sample data x arrives, M-KNN

finds the k neighbors nearest to the unlabeled data in each class from the training space and calculates
their distances d'. Now let the k prototypes nearest to x be N,,(x) which is defined as

N, ()=arg min,, di, i=1..k ()

The following steps are similar to KNN method in making a decision from majority vote.

In this paper, we propose a weighted D-KNN which is a combination of weighting scheme and
M-KNN to improve the performance of M-KNN. The purpose of weighting is to find a vector of
real-valued weights that would optimize classification accuracy of some classification or recognition
system by assigning low weights to less relevant features and higher weights to features that are more

important.

2.4 Emotion Evaluation

Emotion evaluation is used to evaluate emotion expression of a sentence. In this paper, the evaluation
method we used is based on weighted D-KNN classification. When we take a test data to evaluate, we
can obtain five values by the M-KNN classifier. The five values are the distance to the sets of emotion

categories respectively. Then each emotional evaluation value can be obtained from each distance set.

Distance sets of weighting Evaluation Value of
/—P Anger | — P Anger ——
Distance sets of weighting Evaluation Value of
/—P Happiness ——1> Happiness —_—
MK NN Distance sets of weighting Evaluation Value of
Classifier :h\:“j;?ji“\—b'% > Emaotion Radar Chart
Distance sets of weighting Evaluation Value of
N—p Boredom —p————> Boredom —
Distance sets of weighting Evaluation Value of
\_> Neutral —D Neutral —

Figure 3: Block diagram of emotion evaluation

Figure 3 shows a block diagram of emotion evaluation. After the calculation of weighted D-KNN,
we will obtain five evaluation values from five emotion categories. Moreover, each evaluation value of

emotion can be plotted in Emotion Radar Chart that is described in detail in section 3.3.

3 Experimental Results

The weighted D-KNN classification is used in our experiment. All experiments used the MATLAB
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software and all results are based on the Leave-One-Out cross-validation which is a method to estimate

the predictive accuracy of the classifier [9]. The extracted acoustic features were MFCC and LPCC.

3.1 Experimental Results of Weighted D-KNN Classifier

In the beginning of the experiment, we try to assign different weighting series to the calculation. These
series are often used in lots of previous studies that were not limited in the field of signal processing. In
addition, the constraint W, =W, >---> W, were enforced in the weighting series lookup process.
Three different series, from 10 to 1, the power of 2 and Fibonacci series, were chosen as our weighting
series.

In KNN based classification, larger weighting values in the series are more important. So, in the
case of Fibonacci series, such assumption is not groundless in our experiments. In our assumption, we
want to assign the series that the importance of a certain value in the series is equal to the importance of

the sum of two values behind that value.

Table 4: Comparison of weighted D-KNN using different weighting schemes

Weighting Scheme Accuracy (%)
w, =k—i+1 (k=>1) 75.39
w; =27 (The power of 2) 78.86
W, =W, +W,_,, W, =W,_, =1 (Fibonacci series) 79.31

The experimental results of the weighted D-KNN with different weighting series are summarizes
in Table 4. Their corresponding confusion matrices are given in Table 5 to Table 7. The results show that
different weighting scheme have different ability and property. The best accuracy is obtained with

Fibonacci series scheme, and the best recognition rate is 79.31%.

Table 5: Confusion matrix of weighted D-KNN (k=10, weighting: 10->1)

Accuracy (%) Angry Happy Sad Bored Neutral
Angry 88.74 3.97 2.65 0 4.64
Happy 22.92 54.17 6.25 0 16.67

Sad 4.03 1.61 79.03 6.45 8.87
Bored 0 0 9.64 84.34 6.02
Neutral 0.86 431 12.93 11.21 70.69
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Table 6: Confusion matrix of weighted D-KNN (k=10, weighting: the power of 2)

Accuracy (%) Angry Happy Sad Bored Neutral
Angry 90.07 5.29 1.99 0 2.65
Happy 19.79 61.46 417 0 14.58

Sad 3.23 242 82.26 242 9.68
Bored 0 241 6.02 85.54 6.02
Neutral 0.86 6.03 7.76 10.35 75.00

Table 7: Confusion matrix of weighted D-KNN (k=10, weighting: Fibonacci series)

Accuracy (%) Angry Happy Sad Bored Neutral
Angry 90.73 4.64 1.32 0 331
Happy 18.75 62.50 3.13 0 15.63

Sad 4.03 2.42 82.26 242 8.87
Bored 0 1.20 8.43 84.33 6.02
Neutral 0.86 5.17 6.90 10.35 76.72

3.2 Weighting Optimization

Furthermore, we try to optimize the weighting series based on weighting value we used in last subsection.
In addition, weighting series are also follow the constraint w, >w, >--->w, . In the experiment, we

modified one weighting value and kept others fixed. The modification was done from right to left or

from left to right, in the process of searching the optimum weighting values.

Table 8: Recognition accuracy of different optimum weighting series

o Accuracy (%)
Weighting Scheme
From Left to Right | From Right to Left
k>1 78.44 77.13
The power of 2 79.07 79.31
Fibonacci series 79.52 79.55

In the next experiment, we try to optimize the weighting series that were used in section 3.1 in
accordance with the directions from left to right and from right to left respectively. Table 8 shows the
recognition accuracy of each optimized series, and we can find that weighted D-KNN classifier with
optimum weighting series yields better results than without optimum weighting series: 3.05%
improvement for weighting scheme in k->1, 0.45% improvement for the power of 2, and 0.24%
improvement for Fibonacci series. The best recognition accuracy of 79.55% is obtained with weighted

D-KNN optimized based on Fibonacci series. The corresponding confusion matrix is given in Table 9.
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Table 9: Confusion matrix (optimized weighting from right to left with Fibonacci series)

Accuracy (%) | Angry Happy Sad Bored Neutral
Angry 90.73 4.64 1.32 0 331
Happy 18.75 62.50 3.13 0 15.63

Sad 4.032 242 82.26 242 8.87
Bored 0 1.20 7.23 85.54 6.02
Neutral 0.86 5.17 6.90 10.35 76.72

3.3 Emotion Radar Chart

An emotion radar chart is a multi-axes plot. Each of the axes stands for one emotion category. In our
system, emotion radar chart just look like a regular pentagon as shown in Fig. 4. Figure 4 is an Emotion
Radar Chart plotted using the data from Table 10 and 11. We can find that this input data is closed to

angry emotion, and anger intensity of the speech is greater than the other emotions.

Sad

Figure 4: Emotion Radar Chart of test data with angry emotion

Table 10 shows the fifty distance values, 10 neighbors from each emotion class nearest to the
input test data which is an angry speech. For example, first row shows the first 10 distances from input
test data to training data of angry emotion. Here we call the value of the first row the distance set of Anger,
and detailed description and operation is described in section 2.4. We can see clearly that the minimum
distance in each round is almost the distance from input test data to the training data of angry emotion.

Table 11 shows the calculation result of each distance set obtained by weighted D-KNN classification.

Table 10: Distance measured by M-KNN with k =10

Round 1 2 3 4 5 6 7 8 9 10
Angry | 817 | 9.62 | 9.64 | 10.23 | 11.44 | 11.53 | 11.62 | 12.58 | 12.66 | 12.67
Happy | 11.26 | 11.72 | 13.16 | 13.80 | 14.65 | 11.53 | 11.62 | 12.58 | 12.66 | 12.67
Sad 11.34 | 12,21 | 12.83 | 13.06 | 13.21 | 15.24 | 1591 | 16.14 | 16.17 | 16.64
Bored | 16.40 | 19.04 | 19.06 | 19.20 | 19.29 | 19.67 | 19.85 | 20.02 | 20.17 | 20.26
Neutral | 11.96 | 12.40 | 1455 | 15.12 | 15,57 | 15.72 | 15.74 | 15.87 | 15.95 | 16.09
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Table 11: Evaluation value obtained by weighted D-KNN (Normalized with the maximum)

Emotion

Anger

Happiness

Sadness

Boredom

Neutral

Evaluation Value

1.0000

0.6032

0.5768

0.2699

0.5048

3.4 System Interface

Figure 5 is the user interface of our system. First, the source of the test speech has to be chosen from
Source block. Test speech can get from disk or from recording. Second, after choosing the source, the
Evaluation button in the Evaluation block can be pressed to plot the emotion radar chart on the lower
graph. Finally, the Message frame will show the current state or error message, and Result block shows

the recognition result of emotion of the test speech.

=lo(=|
—— Source — 5 — Control
¢ Fram Disk 0 W PLAY
5 . . .
o 1 3 3 4
xio*
& From REC Ang — Message

HTEME

— Result

— Ewvaluation —

Angry

Figure 5: System interface (Evaluate test data from recording)

4 Conclusions

In this paper, we optimized the weights in weighted D-KNN to improve the recognition rate in our
emotion recognition system. That is, we tried to modify slightly the weights in weighted D-KNN, and the
accuracy of emotion recognition increased. The highest recognition rate of 79.55% is obtained with
weighted D-KNN optimized based on Fibonacci series.

We also propose an emotion recognition and evaluation system. We regard the system as a
computer-assisted emotional speech training system. For hearing-impaired people, it could provide an
easier way to learn how to speak with emotion more naturally or help speech therapist to guide
hearing-impaired people to express correct emotion in speech.

In the future, it is necessary to collect more acted or spontaneous speech sentences. Furthermore, it
might be useful to measure the confidence of the decision after performing classification. Based on
confidence threshold, classification result might be classified as reliable or not. Moreover, we also want

to make the emotion evaluation more effectively, and a more user friendly interface of system for
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hearing-impaired people needs to be designed. Besides, how to optimize the weights in weighted

D-KNN to improve the recognition rate in emotion recognition system is still a challenge work.
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Abstract

Polarity inversion based speech watermarking scheme hide data in speech by modification of the
speech polarity. This paper build a statistical model of the polarity detection problem, based on
this model, the original polarity detection scheme and the optimal detection scheme are analyzed
and compared. The theoretical analysis results are validated by Monte Carlo simulation, the
optimal polarity detector shows significant performance gain compared with the original polarity
detection algorithm.

1 Introduction

Polarity Inversion (PI) based watermarking scheme utilizes the fact that the human auditory
system (HAS) is insensitive to the polarity of the speech signal [1]. Secure data can be hidden
in speech signal by inverting the polarity of certain portion of the signal. PI watermarking can
be classified as phase coding scheme [2, 3], the phase of the speech is changed by 180 degrees
for PI watermarking. PI is very robust against noise addition and filtering operations because
the polarity of the voiced frame won’t change under these manipulations. The drawback of PI
watermarking is that it is not secure, but it is very useful for content annotation and in-band
signalling applications [4]. The problem to be solved by this paper is to evaluate the performance
of the polarity detection algorithms. This is done by first building a statistical model for the
speech residual signal, based on this model, the performance of the original polarity detection
algorithm is analyzed, this result is compared to the performance of the optimal polarity detector.
Finally, we perform Monte Carlo simulation to validate the theoretical analysis.

2 Detection Performance of the Original Method

The polarity detection scheme proposed by [1] can be summarized as a two-step procedure for
each syllable, first, the polarity of the maximum peak in the LPC residual signal of each voiced
frame is estimated, second, the polarity of each syllable is determined by majority vote. In this
section we will analyze the error probability of this detection scheme. When the AR model
order is properly chosen, the residual signal of the voiced frame can be modeled as impulse train
in Additive White Gaussian Noise (AWGN), so we can build the following model under each
hypothesis:

Ho : s[n]=-— Aé[n — kP] + w[n] (1)

239



K-1
Hi ¢ spl=+ Y Adln—kP]+wln] (2)

k=0
where P is the pitch period, A is the amplitude of the impulse train, K is the number of pitch
period in each frame, w(n] is Gaussian noise with mean zero and variance 0. For ease of analysis,
we made the following assumptions: the sample values in the location of impulses are not affected

by the AWGN, the validity of this assumption will be verified by Monte Carlo simulation. Under
this assumption, the probability of detection error in each frame is

1 1
Prr = 3 Pr{max(s) > A|Ho} + 3 Pr{min(s) < —A|H;1} ,

where s = [s[0], -+, s[N — 1]]7, it is assumed that P(Hy) = P(H;) = 1/2. The error probability
under H; is calculated as

Pr{min(s) < —A|H;} = Pr {min(w) < —A|H;}

o]

where Q(z) = f;oo \/% exp (—t2 / 2) dt. By symmetry of the problem and the noise distribution,

the error probabilities under each assumption are equal, so we have

s afd)]”

Suppose that the voiced portion of one syllable has M frames, since the estimation error proba-
bility of each frame is Pgp, then the error probability of final decision by majority vote is

M

P = > (Z)Pg%aPEF)M’”, 3)

m=[M/2]

where [2] rounds z to the nearest integers towards +oo.

3 Detection Performance of the Optimal Detector

In this section, we consider a more systematic approach for detecting speech polarity using
signal detection framework. Fig. 1 shows the signal generation model for voiced speech, If the
information bit to hide is 0, the speech signal is modeled as the output of an all-pole model
excited by the summation of ug[n] and w[n|, otherwise, the excitation signal is the summation
of ui[n] and w[n]. Let h[n] be the impulse response of the all-pole system, then the detection
problem is to distinguish between the following two hypotheses

Par K—1
Ho:zln] = = axn—1— Y Adln—kP]+wn]
=1 k=0

= wo[n] * h[n] + wln] * h[n]

= dp[n] + w[n]

Hi:zn] = —Zaw[n—l]—i—z_:Aé[n—kP]—Fw[n]

= wuy[n] * hn] + w[n] * hin]

= dy[n] + w[n]

The parameters {al}lPZAlR , Par, P, K are assumed known or can be estimated from the speech
signals [5]. Since w[n] is the output of an all-pole model excited by IID WGN, so w[n| is
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stationary WGN with mean zero and covariance matrix C. To minimize the probability of
decoding error, the optimal detection statistic for distinguishing between t; and Gy can be
found to be [6][7]

T (x)=x"C™! (&, — 1) , (4)

which minimizes the probability of detection error. When N is large and the noise is wide sense
stationary(WSS), the test statistic is approximated by

12 X(f) [Ul(f) —Tj<)(f)}*
X)N/I/Q Py (f)

where X (f),U1(f), Uo(f) are the DTFT of x[n], @iy [n], Gio[n] respectively. Py (f) is the power
spectrum density (PSD) of the noise w[n], i.e.,

T( df .

0.2

Pyo(f) =
‘1 + A ag exp (—j2m 1)

-
The test statistic can be further simplified by invoking the Parseval’s theorem, so we have

/1/2 X(f) [Ul(f) - Uo(f)r

2

df

Par

1+ Z ajexp (—j2m fl)

=1

T(x) =~

—1/2 g

All-Pole |  z[n]

Model —>

{a f‘:“i

Figure 1: Polarity inversion watermarking model

The detection threshold « is found to be
1 orin T 1 n
T=3 (uP{C a, —alC 1uo)
It can be shown that
A’K

)
0-2

afCc o, =alc g =

which implies that the detection threshold is v = 0. In summary, the optimal detector decide
Hy if

K—1

> Awy[kP] >0 . (5)
k=0

The detector performance in terms of probability of error can be proved to be

2

o2

T(x)=

Pe = Q5 -0 ¢t @ ) 0

- Q( Ajf) . @
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Figure 2: Comparison of theoretical Pg

Table 1: Parameters of Monte Carlo simulation to validate the assumptions

Parameter Value
fs 8kHz
P 60
N 300
A from 3 to 5
o 1

Performance Comparison of the Two Methods

In order to compare the theoretical results of (3) and (7), we set K x P = N x M. The pitch
period P is chosen as 60. The results are shown in Fig. 2, the theoretical Pg of the optimal
detector outperforms the original detector by tens of order of magnitude. When the number of
frames in the voiced segment increases, more information-carrying samples are available, the Pg
of both detectors decrease, this is shown in the figure for M = 3 and M = 5.

4 Monte Carlo Simulation

In this section, we perform the Monte Carlo Simulation to validate the theoretic analysis.

Validation of the Assumption in Section 2

In section 2, we have made the following assumptions to simplify the analysis: the sample values
in the location of impulses are not affected by the AWGN, it is also assumed that the amplitude
of the impulse is larger than the maximum absolute value of the AWGN. Here we will use
Monte Carlo simulation to evaluate the effects of these assumptions on the final results. The
parameters used in the simulation are shown in Table 1. The Monte Carlo simulation results are
shown in Fig. 3 for A = 3,4, 5, the comparison between analytical results and simulation results
reveals that the analytical Pgp is about ten times larger than the simulation results, however,
the analytical results with the assumptions provide an upper bound for the true situations, the
assumptions tends to be more realistic for larger A/o. Furthermore, in the above comparison

242



between the performance of the original and the optimal detector, we see that the Pg of the
optimal detector is tens of order of magnitude smaller than the non-optimal case, so the analytical
results are valid for comparison purpose.

10°

— analytical result
-¢- Monte Carlo simulation

-5

10

Figure 3: Comparison between analytical results and Monte Carlo simulation results of Pgp

Validation of the Impulse Train + WGN Residual Model

In order to validate the “Impulse Train + WGN” model for the residual signal, we perform
the following statistical experiments on the real speech signals: first, we compute the residual
signal of the voiced frames, then, the impulses are treated as outliers [8], they were eliminated
from the residual signal, the histogram of the the remaining residual signal are calculated and
compared to the empirical Gaussian PDF with parameters estimated from the data by maximum
likelihood (ML) estimation. The outlier detection scheme was based on method proposed in [9],
which calculate M; = 2 (x; — x50%)/ (2849 — T16%) for each data sample z;, where x50y is the
median of data sequence {xi}il, xg49 and x1gy are the 84% and 16% percentile respectively, z;
is classified as outlier when |M;| > 3. Fig. 4 shows the experimental results when applying the
outlier detection and elimination algorithm on residual signals, due to the non-stationary nature
of the speech signal, the outlier detection and elimination algorithm were performed frame by
frame . After the removal of outliers, the histogram of the residual signal is fitted by Gaussian
distribution. The result is shown in Fig. 5, which shows good matching between the histogram
and the Gaussian distribution PDF. The sample mean and standard deviation is estimated to
be -0.0016 and 0.0277 respectively. The amplitude of the impulses are found to be between 0.1
to 0.15, the quantity A/c is between 3 and 6. The pitch period can be found manually to be 40
and 41. Using the parameters estimated above, the synthesized speech residual signal is shown
in Fig. 6. We will use this model to validate the theoretical Py of optimal detector by Monte
Carlo simulation.

Validation of P; of the Optimal Detector

To validate the results in (7), we perform the Monte Carlo simulation to estimate PE The
detector (5) is applied on data sequences generated by the “impulse train + WGN 7 model, the
number of detection errors is counted, the estimated Pg can be calculated as

- # of detection errors
Py

- # of Monte Carlo simulations
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Figure 4: Speech residual signal before and after outlier elimination
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Figure 5: Histogram and Gaussian PDF with parameters estimated from speech residual after
elimination of outliers

From the theoretical analysis, we see that the detection error is rather rare event, for example,
when A/o =5, M = 3, Pg is approximately 1078%, to simulate the rare event, we use importance
sampling to reduce the variance of Py [10, 11]. Due to the symmetry of the detection problem
and the noise distribution, we only consider the detection error under Hy, which is

K-1
1

e
o

i

1
= Pr {K Z w[kP] > A§H1} =& <I{K—1 nglw[kaA})

k=0
&g (I1w>ay)
= gA {I{w>A} exp [(721415 + AQ) / (QUz/K)]}
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(a) Original speech residual signal
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Figure 6: Synthesized speech residual using the “impulse train + WGN ” model

Table 2: Theoretical Py and estimated Pg by importance sampling

Py Py 95% confidence interval
1.6508 x 1031 | 1.8005 x 10~31 | [1.4065 2.1946]x 103!
1.9664 x 10754 | 2.0208 x 107°* | [1.4851 2.5566]x 105
7.6301 x 1078 | 7.0208 x 1078 | [4.8998 9.1419]x 1034
9.4276 x 107120 | 1.1016 x 10119 | [0.7480 1.4551]x 10~ 119

o U wof

where Ip(x) is the indicator function, which is one if x € D, and zero otherwise, £ is the
statistical expectation w.r.t. the distribution f = N(0,0?), &y is the statistical expectation
w.r.t. the distribution g = N(0,02/K), Ea is the statistical expectation w.r.t. the distribution
N(A,0?/K), We use Monte Carlo simulation to estimate Eo {I{z>a} exp [(—24w + A?) / (202/K)]},
the results are shown in Table 2, the number of experiments in Monte Carlo simulation is 1000,

the 95% confidence intervals are also included in the table. The Monte Carlo simulation results

fit well with the theoretical result (7).

5 Conclusion and Future Work

For detection of speech polarity, the speech residual signal can be modeled as impulse train plus
WGN, the optimal detector outperformes the original polarity detection algorithm by tens of
order of magnitude in term of detection error. This result is validated by Monte Carlo simulation.
It should be noted that in the above analysis, we have assumed that the parameters of the
impulse train P, A and the AR model parameters are all assumed known, in practice, these
parameters must be estimated from the speech signal, the estimation error will degrade the
detector performance. The performance loss using estimated parameters is under investigation
and will be reported in a future paper.
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Abstract

This paper aims to further probe into the problems of ambiguities in automatic identification of
determinative-measure compounds (DMs) in Chinese. It is known that Chinese DMs are
identifiable by regular expression rules. However, rule matching only partialy solve
structural and lexical ambiguities. In this paper, a deep analyses based on corpus data was
studied. With the subtle analyses of error identification and disambiguation of DM
compounds, we classified three types of ambiguities, i.e. structural, sense, and functional
ambiguities. We also proposed resolution principles to eliminate the problems and thus to
improve word segmentation and POS (Part-Of-Speech) tagging.

1 Introduction

To a speaker of English, one of the most striking features of the Mandarin noun phrase is the
classifier. A classifier is a word that must occur with a number and/or a demonstrative, or certain
quantifiers before the noun (Li and Thompson 1981: 104). Furthermore, Li and Thompson (1981)
assert any measure word can be a classifier, so the combination of demonstrative and/or number or
quantifier plus a classifier or a measure is defined as a classifier phrase or a measure phrase.  For
example, san geinsan geren (= {fi# » ), zhe zhan in zhe zhan deng GE3525), ji jianinji jianyifu (3%
FFAR), liuliinliuli Tu (4 E1F%), najinin najin yangrou (¥} = [4]) and ji gang in ji gang cu (37"
[if5) are classifier phrases'measure phrases, which are called as D-M compounds in Chao 1968. A

eterminative (D) and a measure normally make a compound with unlimited versatility and form a
transient word of no lexical import (Chao 1968: 389). Although the demonstratives, numerals and
measures may be listed exhaustedly, their combination isinexhaustible. Certain constructions of DMs
are ambiguous, for example:

(D) 3 Ry e Gt S 1o
guanggao li quan pian duo ju hairentingwen de kouhao
A whole advertisement mostly has shocking slogans.
(2 Vit
gu ¢i ming
choose this one (person) / name this name
() = kA BER S
ershiwu nian de shenhe paidui dengdai
examining, lining up and waiting in the year of twenty five/ for twenty five years

The morpheme ju in Academia Sinica Balanced Corpus (Sinica Corpus) has two parts of speech, VJ

and Nf.1  Thus the phrase duo ju in sentence (1) can be either a verb phrase with the meaning of
‘mostly have’ or a DM. When ju functions as a measure, it always modifies corpses, not slogans.
Since ju never co-occurs with slogans, the phrase duo ju here is certainly a verb phrase and then the
lexical ambiguity of ju isreduced. In example (2), ming can function as a measure as well as a noun
so that this verb phrase has two meanings. In example (3), ershiwu nian can be a time point
specifying the event-time of the verb, or denotes the period of time delimitating the time length of the
event. The former temporal adverb is tagged as Nd; the latter is separated into two morphemes and

individually tagged as Neu and Nf.2 Examples (1) to (3) show the different degree of ambiguity.

1 The symbol in Sinica Corpus, “VJ’ stands for Stative Transitive Verb and “Nf” for Measure. The
detailed parts of speech can be referred to Sinica Corpus website.
2 The symbol “Nd” stands for Time Noun and “Neu” for Numeral Determinatives.
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Due to the infinite of the number of possible DMs, Mo et al. (1991) propose to identify DMs by
regular expression before parsing as part of their morphologica module in NLP. The adoption of
DMs rules really improves the accuracy of recognition, but we still have some difficulties in
segmentation as the preceding examples. In this paper, the discussion and classification of
ambiguities of DMs are the focus.  In addition to the typical DM structure with the combination of one
or more determinatives with a measure, the reduplicative DMs and the ellipsis of determinatives will be
also included under investigation. After the analyses of multiple ambiguities, we try to find out
resolution principles to reduce these ambiguities.

2 Literature Review

To deal with DMs, first we have to give a proper definition to DMs; thus we can delimit the
scope of our discussion. There are numerous discussions on determinatives as well as measures,

especialy on the types of measures.3  The classification of measures is not the issue in this paper.
To avoiding confusion between classifiers and measures, we have to pay attention to the distinction
between them. Tai (1994: 480) asserts that in the literature on general grammar as well as Chinese
grammar, classifiers and measures words are often treated together under one single framework of
analysis. Chao (1968) treats classifiers as one kind of measures. In his definition, a measure is a
bound morpheme which forms a D-M compound with one of the determinative enumerated above
(Chao 1968: 584). Classifiers are defined as ‘individual measures’, which is one of the nine kinds of
measures. As we mentioned in the section of introduction, Chao considers that determinatives are
listable and measures are largely listable so D and M can be defined by enumeration, and that D-M
compounds have unlimited versatility. While Li and Thompson (1981) blend classifier with measure.
They conclude not only does a measure word generally not take a classifier, but any measure word can
be aclassifier. In Tai’sopinion (1944: 481), in order to better understand the nature of categorization
in aclassifier system, it isnot only desirable but also necessary to differentiate classifiers from measure
words. In this paper, since we adopt the CKIP DM rules and symbols of POS, we inherit the term
determinative-measure compounds (DMs), which have been defined as the composition of one or more
determinatives together with an optional measure (Mo et al. 1991: 111).

As for the linguistic ambiguity, Crystal (1991: 17) specifies the general sense of ambiguity is a
word or sentence which expresses more than one meaning. The most widely discussed type of
ambiguity in recent year is grammatical (or structural) ambiguity. In the structure new houses and
shops, it could be analysed either as new [houses and shops] (i.e. both are new) or [new houses] and
shops (i.e. only the houses are new). Furthermore, according to Crystal’s assertion, ambiguity which
does not arise from the grammatical analysis of a sentence, but is due solely to the alternative meanings
of an individual lexical item, is referred to as lexical ambiguity, e.g. | found the table fascinating (=
‘object of furniture’ or ‘table of figures’). The definition of structural and lexical ambiguities can be
referred to Prins (2005). Prins (2005: 1) mentions if we restrict our attention to the syntax in texts,
then we may focus on ambiguity in two forms. The first is lexical ambiguity, the second is structural
ambiguity. Lexical ambiguity arises when one word can have several meanings. Structura
ambiguity arises when parts of a sentence can be syntactically combined in more than one way. Prins
believes human can resolve most ambiguity, of both types, without even being consciously aware of
aternatives. The ambiguity remains of which we are aware, knowledge about the world is used in
combination with what is known about the linguistic context of the ambiguity to arrive at the most
likely analysis. However, in our following analysis, we find out that only structural ambiguity and
lexical ambiguity are not enough to obtain more detailed discussion on ambiguities of DMs.
Structural ambiguity is caused by different segmentation of words. With the same segmentation, that
string of words may still be ambiguous because the same string may have more than one meaning or
may have different functions. Therefore, lexical ambiguity can be further divided into two types, the
former is sense ambiguity and the latter is functional ambiguity.

In this paper, we examine and analyze Mandarin Chinese DMs in Sinica Corpus. In the
subsections in section 3, we make a study of the structures and ambiguities of DMs, and then try to
analyze and disambiguate these DMs.

3 Chao (1968) and Li and Thompson (1981) detect measures and classifiers. He (2000) traces the
diachronic names of measures and mentions related literature on measures. The dictionary of
measures pressed by Mandarin Daily News Association and CKIP (1997) lists all the possible measures
in Mandarin Chinese.
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3 Structures and Ambiguities of DM s

The probe into DMs in this paper focuses on the typical DM, one or more determinatives
following a measure, including the variant forms of DM, such as the dllipsis of the determinative and

the insertion of an adjective into DM4. Besides, we will sketchily study the various reduplicative
forms of DM, like the reduplication of only measures ‘MM’ and the numeral yi preceding the
reduplicative measures ‘yiMM’ (- MM). The following structures show the variants of DMs.
@) plEps o e
zhiyou sanshiba wei canxuan
Only thirty eight persons take part in the election.
(B) 5 AL
women bixu shuo ju liangxinhua
We have to give an absolutely honest speech.
(6) i (IR [~ HEp
wel yi ge wenti zuo yi da dui yanjiu
do alot of research for the reason of an question
(7) AR
zhong zhong wenti
all sorts of questions
(8 — IR
yi zhang zhang haibao
each poster
(9) Ypur== [ I= N[
ruci yi da kou yi da kou di chi
make such a mouthful of eating

The DM sanshiba wei in example (4) isthe typical DM. In example (5), determinatives preceding the
measure ju are omitted.  Therefore, the demonstrative, specifying, numeral or quantitative functions of
determinativesin (5) will flow away.  Example (6) has the DM structure yi da dui, composed of DM
yi dui and an insertion of an adjective da. The reduplication in (7), (8) and (9) are also our topical
subjects.

As Chao (1968: 552) points out, a D-M compound is a substantive and can enter into
constructions as subject, object, or attribute.  In sentence (4) above, sanshiba wei is the subject of the
verb canxuan and has the function as a pronoun. DMs in example (5) to (8) modify the amount of
nouns, so they all have the function as an attribute. The reduplication of DMs in (9) describes the
manner of eating and functions as an adverb.

3.1 Structural Ambiguitiesof DM s

When we identify DM, structural ambiguity of them occurs as the following examples.
(10) — TRkl #
yi fuyao jiu jianxiao
Every time when he takes medicine, the iliness is completely cured.
One dose is effective.
)~ flf
yi chuan chuanzhu shipin
one string of beads
(12) 7] il ] o 2
beishi wenchang guoxiao wunianyiban
the Fifth Grade Class One in Taipel Wen Chang Elementary school
(I3)NC1  ->{NE1,NE2} {+} {NEL1,NE2,ON} {73} ;
Example (10) is grammatically ambiguous and has two meanings. If fu functions as a verb, the
meaning of (10) is the former one. If fu functions as a measure, the meaning of (10) is the latter.
Because the combination of determinatives and measures are countless, the DM yifu won’t be listed in
the CKIP dictionary. Different word segmentation will bring structural ambiguity forth. However,
Mo et al. (1991) list a resolution principle to reduce structural ambiguity. The principle asserts if

4 The insertion of an adjective into DM has the structure of ‘yiAM’. The symbol ‘A’ stands for
adjectives.
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ambiguous word breaks occur between the words in the lexicon and the DMs, the words in the lexicon
should have higher priority to get the shared characters. Therefore, the former meaning in (10) has
higher priority to the latter. Similarly, the DM in (11) may be segmented as yi chuan or yi chuan
chuan if the measure chuan is followed by the same morpheme asit. The statistics of collocation of
the context help to reduce the structural ambiguity existed in example (11). Example (12) aso has
structural ambiguity. If nian and ban are treated as measures, wu nian yi ban are segmented into four.
By application of the resolution principle and DM rule (13), classes in elementary schools are viewed

as a unit; therefore, wunianyiban is restricted be a unit whose POS is Ncd.

Another structural ambiguity exists in the ellipsis of the determinatives. The phrase you ge ren
in sentence (14) denotes to somebody. In (14), ge functions as a measure without any determinatives
preceding it. The same phrase in (15), however, never refers to persons. The morpheme geren is

viewed as a unit and tagged as Nh6 with the meani ng ‘individual’ in (15). The morpheme you in (15)
isaverb and means ‘have’, whose function is not the same as the specifying determinative you in (14).
The resolution principle and the collation help to resolve thiskind of structural ambiguities.
(14) |~ 7~ HERLTS T A
you yi Ci you ge ren pigjian wo zai jie shang paizhao
Once somebody got a glimpse of my taking picturesin a street
(1) %l * 4]
you geren kongjian
have individual space
When dealing with addresses, we also encounter structural ambiguities, especialy indicating the
floor, number, alley, lane, section and neighbourhood. The following instances show the same forms
with different segmentation between DMs and addresses.
(16) i~ 1 1 7 et B B8
shuyu yiyigi hao gonglu deyi duan
belong to a part of the 117th road
(17) esrfgins — & 1 B 46
luosifulu yiduan bahao yilou
F 1, No. 8, Roosevelt Rd., Sec. 1
(18) A AT = A B AR - = O B
xing jing pingshi changanli zhuweixiang yizhiyilingerhao shi
when going through No. 1-102, Zhuwei Lane, Changan Village, Pingtung City
(19)NC2  ->{NE1,NE2} {3 % 5 &}
(200NC4  ->{NEL1,NE2} {;V,—{ {NELNE2} {5} ;
(20) F IR 70 80 = P B 4 -
rigian gian zhi taibeishi xinyilu sanduan gihao sanlou zhiyi
afew days ago, move to 3F-1, No. 7, XinYi Rd., Sec. 3, Taipei
(22) PRI €57 3 5 [Pk -
wuli yanjiusuo ze liemingyu sanshiwu ge yanjiu jigou zhi yi
The Ingtitute of Physicsis placed among 35 research centers.
(23) EH hl— Flpu= 55—
dengyu shi yi ri de ssanfenzhiyi
is equal to one day of thirds
(24) NE6 -> ({NELNE2} {~'}) {NE1,NE2} {57} {NE1,NE2,NES5} ;

In instance (16), hao and duan are both measures specifying the fixed amount or quantity of the road,
so the numerals 117 and yi are separated from the measures. According to CKIP Technical Report
96-01 (1996: 50), the determinative measure structures expressing time and location will be combined
together asaunit. The reason why the locative DMs are conjoint is because the first joint principle of
segmentation stipulates that when the meaning of a string of words is not obtained from the
composition of these components, this string should be segmented as a unit. Consequently, yiduan,
bahao and yilou in (17) and yizhiyilingerhao in (18) are segmented as Nc in Sinica Corpus. The DM
rules (19) and (20) help us tag locative DMs as Nc, which is different from the DM structuresin (16).
During the process of locative DMs, another concerned structure listed in (21), (22) and (23) derives.
All the three instances have the same surface structure zhi yi, but the functions and segmentation are

5 The symbol “Nc” stands for Place Noun in Sinica Corpus.
6 The symbol “Nh” stands for Pronoun.
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different. The morpheme zhi yi in (21) is tagged as a unit whose POS is Nc, in (22) is segmented into
two units whose POS is individually DE’ and Neu, whilein (23) is the part of the whole quantitative

determinative sanfenzhiyi tagged as Neqa8. To reduce these structural ambiguities, the DM rule (24)
iS hecessary.

According to the above discussions, to resolve structural ambiguities, we conclude the following
resolution principles which were implemented at the word segmentation system by Ma and Chen
(2003).

a) D-M compounds are expressed and matched by regular expressions.

b) Lexical words have higher precedence than D-M compounds (cf. 11).

¢) LongD-M has higher precedence than short D-M (cf. 12, 16, 17, 18, 21, 22, 23).
d) Covering ambiguities are resolved by collocation context (cf. 10, 14, 15).

The structural ambiguity is caused by different possible segmentation.  Although example (10)
has structural ambiguities, after the application of the resolution principles, the ambiguous
segmentation is resolved and the correct segmentation has higher priority.

3.2 Sense Ambiguitiesof DMs

Senses and semantic functions of DMs are related to the types of measures. Li and Thompson
(1981: 105) claim that Mandarin has several dozen classifiers, most of which can be found in Chao
(1968: sec. 7.9). Chao (1968: 584-620) divides measures into nine kinds: (1) classifiers, or individual
measures (Mc), (2) classifiers specially associated with V-O constructions (Mc'), (3) group measures
(Mg), (4) partitive measures (Mp), (5) container measures (Mo), (6) temporary measures (Mt), (7)
standard measure (Mm), (8) quasi-measures (Mq), and (9) measures for verbs (Mv).  Briefly speaking,
the function of DMs is to modify the amount and quantity of abstract and concrete things, to count the
frequencies of events and actions, and to indicate the event time.  To testify the functions of DMs, we
analyze the semantic roles of DMsin Sinica Treebank. First we use “DM” as the keyword to retrieve
the Sinica Treebank data and then calculate the frequencies of the semantic roles of these DMs. The
most highly frequent semantic role is quantifier, whose frequency is 6434. Quantifier is mainly used
to account for the amount of things. The statistics in Sinica Treebank show the frequencies of the
semantic roles of DMs, and then we get the hierarchical order of semantics roles of DMs from high to
low: quantifier > Head > DUMMY > range > time > property > frequency > goal > duration > theme >
DUMMY1 > DUMMY2 > agent > quantity > topic > manner > apposition > location > instrument >
experiencer. As expected, quantifier is the most common semantic role played by DMs. The
semantic role “property” denoting attributes and “range” referring to amount both have high
frequencies. “Quantity” is also used to modify the extent of actions. The measures such as nian (=),
ci (%) and tian (=) are related to temporal concepts, whose semantic roles may be “time”,
“frequency” or “duration”. The semantic roles “range”, “time”, “frequency” and “duration” are
usually concerned with the measures classified into Mm and Mq in Chao’s classification of measures.
The DMs aways function as pronoun when their semantic roles are “goal”, “theme”, “agent”, “topic”,
“apposition”, “location” and “experiencer”. If DMs play the semantic role “manner” and
“instrument”, the measures are usually classified into Chao’s Mv. The sense of certain types of DMs
can be identified by types of measures; however, as usual, some DMs have ambiguous senses. Their
ambiguity resolution is almost equivalent to word sense disambiguation. Therefore context sensitive
rules and collocation bi-grams are information for resolving lexical ambiguities. Methods for word
sense disambiguation are also applicable for DMs. Here we first discuss ambiguity about temporal
adverbsto illustrate the sense ambiguity and possible resol ution methods.

To represent the percentage, using Chinese characters like (23) is one form, and adopting
mathematical symbols like (25) is another one. The form of mathematical symbols is sense
ambiguous. It can refer to either the percentage like (25) or time point like (26). Without context,
thesymbol “1 O 2 1 can be afractional number and read as “ten over twenty one” with the POS
“Nega” and as “ 10%|21}! shiyue ershiyiri” with the POS “Nd” whose semantic role is time. To
reduce this kind of sense ambiguities, we have the DM rules (28) and (29). The formin rule (28) is
tagged as Nega (numbers) while in (29) as Nd (time point). The mathematical symbol indicating a
specific time usually denotes the year together so “2005,706,730” in (27) istagged as Nd.  Although
we have rules (28) and (29) to help differentiate the meaning of percentage from that of time, we till
have to have context to make (25) and (26) distinguishable.

7 The symbol of “DE” isthe POS of v, [/, H and .
8 The symbol “Nega” stands for Quantitative Determinatives.
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(25) 4 0559 l’ﬁf 2.3
sishi fen de zhan |le sanfenzhier
Those of forty points occupy two-thirds.
Q@lO/Zlﬁ%?ﬁ%ﬁjﬁﬁﬁﬁéﬁgﬁ
shiyuershiyiri zhaokai quan yuan wanglu gongzuo xiaozu disan ci huiyi
convene the third conference of the network group on Oct. 21
(27) 2005,706,30F 1 #r
2005_06,30 gengxin
update on June 30, 2005
(28) NEBa > {NE2} {—, } {NE2} ;
(29)NESb > {NE2} {—, }{NE2}{—, "} {NE2};

Chao (1968) gives an example about time words. The form Guangxu sanshisinian (A 5%= - P4=F)
can be either the phrase ‘the thirty-fourth year of Guangxu (i.e., 1908)’ or the sentence ‘Guangxu’s
reign was thirty-four years (long).". Chao believes that in most cases, the context will resolve the
ambiguity. Below are examples with similar ambiguity as Chao mentions.
(30) Al e A EIU,%“\JE?F' S
jingguo sanshi nian geming de xili
after Castro’s thirty-year governance
(31) = Ff » AR B £ AR
sanhinian giu gis zongdui fu zhongmingwei shuijingzongtuan
In the autumn in the year of thirty, the anti-smuggling team is rectified to the tax
policemen team

Examples (30) and (31) have the same temporal phrase sanshi nian, but their semantic functions and
roles are different. The temporal phrase in (30) expresses time length and is segmented into two units
asNeu and Nf. The semantic role of it isduration. However, sanshinian in (31) indicates time point
and is tagged as Nd, whose semantic role istime. Although either a Chinese reign title or Mingguo
(=d[s8) preceding sanshinian is omitted, we still know sanshinian is a specific time, not a period, from
the context. When the measures nian and ri are preceded by numerals, the temporal phrases always
have sense ambiguity. Basicaly, we segment numeral and measure into two and then postprocess
them by applying two tricks following. |f DMs denote time point, they are usually preceded by key
words of Mingguo, the Christian era like Gongyuan (>*7+) and Xiyuan (f"17+), or a Chinese reign title
Guanxu, Qianlong (§izf#), Tianbao (*-#), Jiajing (F %) and so on.  Another trick helps to recognize
DMs is its neighbouring temporal nouns. The temporal DMs usually co-occur with one or two
temporal phrases such as erlinglingwunian liuyue (2005# 6 %] ), liuyue sanshiri (6 %] 30F[!),
erlinglingwunian liuyue sanshiri (2005 6% |30} 1), etc.
Two tricks above can reduce some ambiguities of temporal phrases. But some ambiguities
listed in the following examples cannot be reduced.
(32) 200574 [ & Se Ay
erlinglingwu yilan tongwan jie
I-Lan International Children’s Folklore & Folkgame Festival in 2005
(33) ~ RIE R
yi yao you gian
first have to have money
(34) e - ¥R
jiueryi dizhen
the earthquake 921
(35) ﬁi?’g6534 b5 RS 31958 b
guli wubaisanshisi ren wancheng sanbaiyishijiu xiang zhi lu
encourage 534 persons to accomplish the travel around 319 villages

The composition of numeral mostly functions as numeral determinatives while sometimes doesn’t.
The numeral 2005 in (32) refer to the year of 2005 AD; however, the numera yi in (33) is a correlative
conjunction.  Furthermore, the similar numeral structures in (34) and (35) have different semantic
meanings.
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In conclusion, sense ambiguity resolution is almost equivalent to word sense disambiguation.
Therefore context sensitive rules and collocation bi-grams are information for resolving lexical
ambiguities. Methods for word sense disambiguation are also applicable here.

3.3 Functional Ambiguitiesof DMs

The semantic function of the temporal DM in (36) may be duration while (37) time. Same
words and same word senses may play different semantic roles. The reason of making different
assignment of semantic roles may be concerned with logical interpretation of sense collocations
according to common sense and the real world knowledge.

(36) 18 (1, 5]

shiba nian de kushou

wait bitter for eighteen years
(37) 89 fiur~ e

bajiu nian de fankang

the revolt in the year of 89

When detecting DMs rules and Sinica Corpus data, we find out some interesting examples. The
verb phrases (38) and (39) have the same morphemes except for the position of the temporal DM
sanshiba nian. The semantic role of the DM in (38) is duration while in (39) istime. It seems the
different position of temporal DMs will affect the meanings of sentences. Thus, we briefly calculate
the datain Sinica Treebank. The totality of the semantic role time of NPs and PPs following the verb
is close to that of the semantic role duration.  But the totality of the semantic role time of NPs and PPs
preceding the verb is much more than that of duration. It seems temporal DMs preceding verbs
mostly function as time. Another different assignment of semantic role to the similar structure is
shown by (40) and (41). The former DM is assigned the semantic role duration while the latter time.
This kind of ambiguity has relation to situation types. The situation type of fuxing (")) is activity

while that of panxing (#{/7]) is achievement. The feature [tDurative] 9 of the events causes
differences. The phraseyixia in (42) means ‘for awhile’ and is assigned the role of duration, whilein
(43) is assigned frequency and composed of a numeral and a measure. The phrase in (44) is
ambiguous with two meanings. One means ‘bite him for a while’ while another means ‘bite him
once’. Equal to the cause of differences between (40) and (41), the ambiguity in (44) is aso due to
the situation types.
(38) Hlrs= o i
ginzheng sanshiba nian
take over reins of government upon coming of age for 38 years
(39) = = HirF
sanshibanian ginzheng
take over reins of government upon coming of age in the year of 38
(40) 34 ]
sanshisi nian de fuxing
serve a sentence for 34 years
(41) 34 [l ([
sanshisi nian de panxing
sentence a person in the year of 34
(42) 75—
deng wo yixia
Wait for me for awhile.
(43) ﬁ;}!z?% 1
giaotayi xia
strike him once
(44) prfo—-
yao tayixia
bite him for awhile / bite him once

Semantic role assignment is not an easy task, since it requires not only linguistic knowledge but also
world knowledge. In Yu and Chen (2004), they identify parameters of determining semantic roles and

9 The more detailed discussion about situation types can be referred to Smith 1991.
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proposed an instance-based approach to resolve ambiguities. They adopt dependency decision
making and example-based approaches. Semantic roles are determined by four parameters, including
syntactic and semantic categories of the target word, case markers, phrasal head, and sub-categorization
frame and its syntactic patterns. The refinements of features extraction, canonical representation for
certain classes of words and dependency decisionsimprove role assignment.  To assign semantic roles
of DMs, the above parameters are further refined as the features of relative positions and situation
types.

The examples above show that ambiguity is unavoidable when we deal with DMs. In addition
to the typical DMs, some related structures like reduplicative DMs, numerals, the ellipsis of measures,
etc. are also the topics for discussion. The composition of determinatives and measures brings about
ambiguity. Some ambiguities are caused by different segmentations of words, some are due to the
multiple meanings of words, and others are concerned with different functions. Therefore,
ambiguities of DMs are classified into structural ambiguity, sense ambiguity and functional ambiguity.
Here takeyi dian (— Ef)for instance.

(45) ¢~ HEHHIE T
zheyi dian zhuyi shixiang hen zhongyao
This point for attention is very important.
(46) . g’![—ugh {ﬁ;%q';r—k
yidian xinyi ni yao shouxia
Y ou must receive my little thanks.
(40~ Wi
yidian jihe
assemble at one 0’clock
(48) 54— Ry
piacliang yidian
alittle bit beautiful
(49) e~ By
kuai yidian
nearly one o’clock
more quickly
(50) fih B
man yidian
more slowly

The phrase yidian has different structures in sentences (45) to (48). In (45), yi dian functions as a
pronoun and is segmented into two units.  In (46) to (49), yidian is viewed as one unit. It functions
as a quantitative determinative modifying xinyi in (46), atime noun in (47), and a post-verb adverb of
degree in (48). While in (49), yidian is lexically ambiguous depending upon context. However,
when (49) has the former meaning, (49) and (50) are functionally ambiguous. The ambiguity of DMs
iscomplex and it is possible that one DM compound has more than one classification of ambiguities

No matter the ambiguity is the structural one, sense one or functional one, the prescription of
resolution principles and DM rules are helpful in disambiguating DMs. Besides, the neighbouring
morphemes and context are one another tricks in reducing ambiguity. In some cases, ambiguity is not
easily resolved. Furthermore semantic role ambiguities are concerned with common sense and the
resolution features also include position of temporal DMs and the situation types. Such ambiguities
have to be reduced by the application of parameters of context vector models.

4 Conclusion

In section 3, we discuss the ambiguity of DMs, which is mainly divided into structural ambiguity,
sense ambiguity and functional ambiguity. These ambiguities can be reduced by applying resolution
principles, DM rules, context sensitive rules, collocation bi-grams and parameters of context vector
models. Because language reflects the human view of the world, different personal world knowledge
may result in different explanation of sentences. Some reduction of ambiguities of DMs depends
upon human’s common sense knowledge.

During the process of segmentation, all DM candidates are matched and classified by regular
expression rules. Then structure ambiguities will be resolved by applying resolution principles and
segmentation models. Sense and function ambiguities are expected to be resolved by different
approaches during postprocessing. Some DMs, such as yidian, are three way ambiguous. The
resolutions of their structure ambiguities have to be delayed until sense ambiguities are resolved. For
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instance, temporal DMs are by default segmented into one unit first, which specifies time points and
whose POS is Nd. If they are identified as sense of duration at postprocessing stages, the one unit
DMs will be re-segmented into two units, i.e. a number followed by a measure. In future work, the
debatable issue whether yue (*]) is a quasi measure or an ordinary individual noun is our concerns.
The insertion of adjectivesinto DMs and the reduplication of DMs are also worthy in investigation.
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Abstract
Recently, shallow parsing has been applied to various information processing systems, such as
information retrieval, information extraction, question answering, and automatic document
summarization. A shallow parser is suitable for online applications, because it is much more efficient
and less demanding than a full parser. In this research, we formulate shallow parsing as a sequential
tagging problem and use a supervised machine learning technique, Maximum Entropy (ME), to build a
Chinese shallow parser. The major features of the ME-based shallow parser are POSs and the context
words in a sentence. We adopt the shallow parsing results of Sinica Treebank as our standard, and
select 30,000 and 10,000 sentences from Sinica Treebank as the training set and test set respectively.
We then test the robustness of the shallow parser with noisy data. The experiment results show that the

proposed shallow parser is quite robust for sentences with unknown proper nouns.
1. Introduction

Parsing is a basic technique in natural language processing; however, a full parser is usually
costly and slow. Recently, shallow parsing has been applied to various information processing systems
[12]. Compared to the performance of full parsers, a shallow parser is much faster and the parsing
result is more useful for various applications, such as information retrieval and extraction, question
answering, and automatic document summarization. In this paper, we adopt a machine learning
approach to the Chinese shallow parsing problem.

Chinese full parsing is very challenging,[18, 22] because it is difficult to achieve high accuracy,
and the performance is not suitable for online applications. Shallow parsing of Chinese, on the other
hand, is promising and desirable in terms of efficiency. Researchers in Beijing, Harbin, Shenyang, and
Hong Kong have also developed related techniques [10, 15, 16, 20, 21]. Most of these works use
machine learning approaches, instead of the rule-based approach used in full parsing. Popular machine
learning methods such as SVM, CRF, and ME, have been tested. The parsing speed of each approach is

fast and the parsing accuracy is acceptable.
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Currently, there is no standard for Chinese shallow parsing. Li et. al. [9] developed a Chinese
shallow parsed treebank to extract Chinese collocations automatically and built a large collocation bank.
There are also some works on a standard for Chinese shallow parsing [9, 19, 20]. Nevertheless, the
POS standard and vocabulary in each approach are different; thus, between simplified Chinese and
traditional Chinese, we cannot adopt their standard for simplified Chinese to traditional Chinese.
Instead, we use the first level of the parsing results of Sinica Treebank as our shallow parsing standard
[4]. Originally, Sinica Treebank was designed to provide full parsing results, whereby sentences could
be labeled with POS tags and the full parsing structure. There are 54,000 sentences in Sinica Treebank,
from which we randomly selected 30,000 and 10,000 sentences as the training set and test set
respectively.

Since there are many unknown words in Chinese [11], a Chinese shallow parser must be robust
against such words [22]. For example, it is not hard to correctly chunk the sentence “Fézjﬁﬂi‘g’g&?ﬁ p/
IF*"[ %}/Z’Wﬂﬂ,@ﬁwﬂﬁi into “ ,Iﬂ@’r%ﬁiﬁ&?ﬁﬁﬁﬁ r%}/NP Z49/Dd #1ES /DM ZEH /VP”, if we know
that “fé,lj ETEE is a proper noun. However, if the name is unknown, it could be split into three single
characters and tagged with the three POS of the single characters, i.e., “féq/ﬁﬁﬁifg [VH13/Dd/P15]". It
might then be incorrectly chunked as ”[‘F!,'JEHNP E@ﬁﬁlfﬁﬁ %‘/PP Z29RDd ZIfERS /DM R VP,
In this research, we simulate unknown words by adding some noises to the corpus in order to test the
robustness of the shallow parser. Since new proper nouns are normally unknown, we design three ways

to add noises to the training and testing sets by treating proper nouns as unknown words.
2. Shallow Parsing Standard

Sinica Treebank provides a full parse tree for each sentence. Here, we use the first-layer parsing
results of Sinica Treebank as the standard for shallow parsing. Instead of using all the phrase tags in
Sinica Treebank, we annotate five of them for chunking; all other phrases (including single words not
in any phrase) are tagged as others (X). The five tags, namely, noun phrase (NP), verb phrase (VP),
preposition phrase (PP), geographic phrase (GP), and clause (S), are the major tags in Sinica Treebank,
and therefore play significant syntactical roles. Thus, the constituents of the root node of a parse tree

are NP, VP, PP, GP, S, and X. Table 1 lists examples of the six types of constituent.

Table 1. Chunk Tags

Chunk Tag Description Example
NP Noun Phrase it & 1 py /2= [DM/DE/ Nab]
VP Verb Phrase [HyE [ Bk / 2k [VD1/ Nad/ Nac]
PP Preposition Phrase | 7 / %% / [/ f[t [P21/Nab/Nab/Ncda]
GP Geographic Phrase | — it / E#] / I'Jix [DM/Nac/ Ng]
S Clause gt | S | LA [Nab / Nab / VHIL]
X Others O/ %/ 2% [DM/Caa/DM]
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3. A Maximum Entropy-based Shallow Parser

Parsing is a fundamental technique in natural language processing, the results of which can be
used to improve various natural language tasks, such as word-sense disambiguation (WSD) [3] and
part-of-speech (POS) tagging [12].

Many natural language processing tasks, such as part-of-speech tagging, named-entity
recognition, and shallow parsing, can be viewed as sequence analysis tasks. Shallow parsing identifies
the non-recursive core of each phrase type in a text as a precursor to full parsing or information
extraction [1, 6]. The paradigmatic shallow parsing problem is called NP chunking, which finds the
non-recursive cores of noun phrases called base NPs. Ramshaw and Marcus introduced NP chunking as
a machine-learning problem [14].

Machine learning techniques, such as maximum entropy (ME) and conditional random fields

(CRF), are quite popular for sequential tagging. We adopt ME to build a robust Chinese shallow parser.
3.1 The B-1-O Scheme of Our Shallow Parser

In this work, we regard each word as a token, and consider a test corpus and a set of n phrase
categories. Since a phrase can have more than one token, we associate two tags, x: x_begin and
X_continue, with each category. In addition, we use the tag others to indicate that a token is not part of
a phrase. The shallow parsing problem can then be redefined as a problem of assigning one of 2n + 1
tags to each token. This is called the B-1-O scheme. There are 5 named entity categories and 11 tags:
NP_begin, NP_continue, VP_begin, VP_continue, PP_begin, PP_continue, GP_begin, GP_continue,

S_begin, S_continue, and X(others).
3.2 Maximum Entropy Formula

ME is a flexible statistical model that assigns an outcome to each token based on its history and
features [2]. The outcome space is comprised of the tags for an ME formulation. ME computes the
probability p(olh) for any o from the space of all possible outcomes, O, and for every h from the space
of all possible histories, H. A history is composed of all the conditioning data that enables one to assign
probabilities to the space of outcomes. In shallow parsing, history can be viewed as all the information
derived from the test corpus relevant to the current token.

The computation of p(o|h) in ME depends on a set of binary-valued features, which is helpful in
making a prediction about the outcome. For instance, one of our features is as follows: when the
current token is a verb, it is likely to be the leading character of a verb phrase. More formally, we can

represent this feature as

f(h,o)={

Here, Current-token-verb(h) is a binary function that returns the value true if the current token of the

1:if Current - token - verb(h) = trueand 0 =VP _begin @
0:else

history h is a verb.

Given a set of features and a training corpus, the ME estimation process produces a model in
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which every feature f; has a weight « ;. This allows us to compute the conditional probability as

follows:

ol =751, @

where Z(h) is a normalization factor. Intuitively, the probability is the multiplication of the weights of
active features (i.e., those f; (h,0) = 1). The weight «;is estimated by means of a procedure called
Generalized Iterative Scaling (GIS) [8], which improves the estimation of the weights at each iteration.
The ME estimation technique guarantees that, for every feature f;, the expected value of «; will be
equal to the empirical expectation of «; in the training corpus. ME allows the designer to concentrate
on finding the features that characterize the problem, while letting the ME estimation routine deal with

assigning relative weights to the features.
3.3 Decoding

After an ME model has been trained and the proper weight «; has been assigned to each feature
fi, decoding (i.e., marking up) a new piece of text becomes a simple task. First, the model tokenizes the
text and preprocesses the test sentence. Then, for each token, it checks which features are active and
combines the «; of the active features according to Equation 2. Finally, a Viterbi search is run to find
the highest probability path through the lattice of conditional probabilities that does not produce any

invalid tag sequences. Further details of the Viterbi search can be found in [17].
4. Experiment

By comparing models with and without noisy training data, we can determine whether our
Chinese shallow parser is noisy-data-tolerant. In this section, we describe how we add noisy data to

maximum entropy models and evaluate the tolerance of our system to Chinese chunking.
4.1 Data and Features

Sinica Treebank contains more than 54,000 sentences, from which we randomly extract 30,000
for training and 10,000 for testing. The tokenized results and the corresponding part-of-speech
sequences of these sentences are extracted into a feature file, and the top-level chunks of the parsing
tree structure can be taken as the standard for training and evaluation. The information in the feature
file is translated into machine learning features by ME model in both the training and testing phrases.
The features we adopted are: words, adjacent characters, prefixes of words (1 and 2 characters),
suffixes of words (1 and 2 characters), word length, POS of words, adjacent POS tags, and the word’s
location in the chunk it belongs to.

To analyze the performance of our shallow parser under noisy conditions, we build a standard
model and various noisy models. Training data consisting of the tokenization and POS information
derived from the manually annotated Sinica Treebank is used as the standard model in our experiments.

The accuracy of chunking in this model is then compared with that of models containing noise to
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observe the difference.
4.2 Noise Model Generation

The most important issue in noisy model generation is how to mix noisy features with correct
features as smoothly as in a real parsing system. We design three methods for adding noise to generate
different types of models with noisy tokenization and POS sequences.

The first two approaches are based on unknown word replacement. We find that unknown
words are one of the major causes of noisy data in real world system processing, because most
unknown words are proper nouns. Theoretically, we can pick a certain number of proper nouns in the
selected data and substitute them with noisy data to simulate real world input. In our experiment, “Nb”
and “Nc”, which are defined as “proper nouns” and “proper location nouns” respectively in the Sinica
Treebank tagging guideline [5], are chosen as replacement targets. Words with these two target POS
are regarded as replacement target strings and replaced by noisy data.

We adopt two types of noisy data for unknown word replacement. The first is the split character
sequence of a replacement target string in a sentence. Initially, we extract the correct tokenization
results and POS sequences of all data in the Sinica Treebank with “Nb” and “Nc”. Then, wherever
applicable, we split the replacement target string in a sentence into single Chinese characters. The
corresponding POS tag of each split character is re-assigned by selecting the most frequent POS tags of
these single characters in Sinica Treebank. For example, “[ /1" (Malaysia) would be split into
“RV7 77 7, and “ER”, - and the original POS tag “Nca” would be replaced by the pos tags of four
single characters: “Nab”, “Dbab”, “Ncda”, and “Nca”. In this experiment, we control the amount of
noisy data in models to observe the relation between the percentage of imprecise data and the chunking
performance. The model generated by this approach is called a Type 1 noise model. Another approach,
called the Type 2 noise model, tokenizes the replacement target with AUTOTAG, which may produce
segmenting boundaries and POS tags that differ from those in Sinica Treebank. The information is then
used as noisy features and replaces the target string. For instance, the replacement target string ““~f 1-&
K" with POS tag ”Nb” would be tagged by AUTOTAG as ““~f I/Nb” and “£ E//Nb”. The above
noise-adding approaches are used to generate training data, as well as various kinds of noisy
information in the test sets.

In addition, we adopt an automatic tool, CKIP AUTOTAG [7], to obtain the tokenization
information and POS features for generating models. This is a Chinese tokenizing tool that can deal
with word segmentation in both the training and testing sets. CKIP AUTOTAG provides the POS
sequences of the sentences. The tokenized sentences and POS sequences produced by AUTOTAG are

used to generate feature files for ME processing.
5. Results and Discussion

In our experiment, we adopt the B-1-O scheme to identify the boundaries of Chinese chunks and

the position of each element word in the chunks. In addition, we employ the following four standards
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when calculating the accuracy of Chinese shallow parsing: evaluation by token, by chunk boundary, by
chunk category sequence, and by chunks. Token evaluation is based on the number of Chinese words.
All words in the test data can be verified independently to determine if they have the correct boundaries
and belong to the right chunks. Evaluation by chunk boundary only checks the boundaries of each
chunk, while evaluation by chunk category sequence only checks if all the chunks in a sentence can be
identified successfully and disregards the constituents. By contrast, in chunk evaluation, the basic unit
is the whole chunk, and only a chunk with the right constituents and tagged with proper categories can
be considered correct. We use an example to demonstrate the evaluation process. The input sentence is
LA oy e s 2R, which consists of five tokens; and the standard parsing result is “’] ¥
% INP #i55/VC /NP +-2838%/VP”, which contains four chunks. The parsing result we obtain
from the system is “’]- 4% /NP $i5%/VC /NP 9</Db =8¢ /VE”, which contains five chunks. In
this case, the accuracy of the chunk boundary and the chunk category are both 3/4=0.75, because the
first three chunks in the sentence have the correct boundaries and phrase tags, and the last VP chunk is
separated by two units. The token number in this sentence is 5 and the last two tokens have incorrect
phrase category tags. Therefore, the accuracy of the token is 3/5=0.6. In chunk evaluation, three of the
four chunks are identified successfully and the chunk accuracy is 3/4=0.75. We adopt these evaluation

methods in all the experiment configurations in Tables 2 to 5.
5.1 Performance on Noisy Data

Table 2 shows the accuracy rates using Type 1 noisy models with different scales of noisy data
for chunking clean test data. The columns show the percentage of ‘Nb’ and ‘Nc’ replaced by single
character noisy data in the training model, and the rows indicate the four evaluation methods. We find

that the accuracy in this series decreases slightly, while the percentage of single character noisy data

increases.
Table 2. Results of chunking clean test data with the Type 1 noise model
Boundary Category Tokens Chunks

0 (%) 84.83 70.10 69.14 70.47
10 (%) 84.74 69.92 69.04 70.30
20 (%) 84.80 69.94 69.03 70.26
30 (%) 84.77 69.88 69.10 70.20
40 (%) 84.70 69.77 68.97 70.13
50 (%) 84.64 69.65 69.02 70.00
60 (%) 84.56 69.57 68.78 69.82
70 (%) 84.42 69.39 68.76 69.59
80 (%) 84.53 69.67 68.99 69.77
90 (%) 84.38 69.44 68.58 69.72
100 (%) 84.26 69.51 68.57 69.75
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Table 3 shows the accuracy rates using the Type 1 model with different scales of noisy data for
chunking test data with single character noise (Type 1). It is quite interesting that the curve is not
monotonically increasing or decreasing. This indicates that the accuracy in this series decreases until
the percentage of noise reaches 60%, and then it increases. Figures 1 to 4 show the differences between
the clean test data and the noisy test data in Tables 2 and 3. We can observe the trends in the experiment

results more intuitively.

Table 3. Results of chunking test data containing Type 1 noisy data with the Type 1 noise model

Boundary Category Tokens Chunks

0 (%) 83.73 69.09 65.16 66.51
10 (%) 83.65 69.00 65.33 66.36
20 (%) 83.72 69.11 65.34 66.30
30 (%) 83.69 69.20 65.37 66.27
40 (%) 83.62 69.14 65.42 66.25
50 (%) 83.58 69.05 65.52 66.13
60 (%) 83.57 69.07 65.36 66.00
70 (%) 83.52 69.24 65.70 66.07
80 (%) 83.63 69.46 65.83 66.25
90 (%) 83.65 69.49 65.69 69.30
100 (%) 83.77 69.67 65.85 66.42
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Figure 1. Evaluation of the boundaries in different experiment configurations
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Figure 2. Evaluation of the chunking category in different experiment configurations
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Figure 4. Evaluation of chunks in different experiment configurations

Table 4 shows the accuracy rates using the Type 2 noise model with and without tokenized strings
for chunking clean test sentences and test data with tokenized strings. There are four configurations:

* C-C: Using a clean training model and clean test data.

* C-N: Using a clean training model and noisy test data in which all ‘Nb’ and “Nc’ are replaced by
tokenized results.

*N-C: Using a training model with noisy data in which all ‘Nb” and ‘Nc’ are replaced by the
tokenized results of chunking clean test data.

* N-N: Both the training model and the test data have noisy data in which all ‘Nb’ and ‘Nc’ are

replaced by tokenized results.

Table 4 also shows that noisy training data yields better accuracy for both clean and noisy test data,
although the difference is quite small.

Table 4. Results of chunking with the Type 2 noise model

Boundary Category Tokens Chunks
Cc-C 84.83 70.10 69.14 70.47
C-N 84.84 70.09 69.04 70.37
N-C 84.89 70.13 69.15 70.51
N-N 84.90 70.11 69.02 70.38

Table 5 shows the accuracy rates using the model generated by AUTOTAG-parsed data and
Sinica Treebank chunking tags. Both the training and the test sets are preprocessed by AUTOTAG. This

experiment is designed for open testing; thus, we can use the AUTOTAG program to tokenize any
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sentence and give it POS tags. However, compared to the standard model, the chunking accuracy is

lower. The parsing results of the AUTOTAG-parsed model and the Type 2 noise models are shown in

Figure 5.
Table 5.  Accuracy using the model generated by AUTOTAG-parsed data
Boundary Category Tokens Chunks
Fully AUTOTAG 81.42 64.81 61.80 61.30
90
85 ZccC
__ 80 mC-N
S
>
g 75 | ON-C
3
Q
< 70
ON-N
65
B AUTOTAG
Parsed
60
Boundary Category Tokens Chunks

Figure 5. Comparison of various experiment configurations using tokenized string noisy data (the
Type 2 noise model) and the AUTOTAG-parsed model

In Tables 6, 7, and 8, we give examples of the correct and incorrect shallow parsing results of
four sentences. In each table, the left column contains the original sentences tokenized and tagged with
POS tags; the center column shows the standard chunking result from Sinica Treebank; and the right
column shows the shallow parsing result of our system. Table 6 shows the parsing examples with Type
1 noise. The shallow parsing results of the first two sentences are correct, while those of the last two

sentences are incorrect.

Table 6. Shallow parsing examples with Type 1 noise

Sentence and POS sequences with Type | Chunking standard from Chunking results of our
1 noise Sinica Treebank system
K 'I‘%/%%@/&/ﬁiﬁ/ﬂllfll/@l/*/@/'] T GNP F’}?ﬁﬂl T 5INPT F’}?ﬁfpf[[
PR L AR Pl [ [ SUPP ALV | B[k ] 3PP ALV i
[Nab/Nac/P21/Nca/Nab/Caa/Na/Ncb/ | &k iiAE/NP BRI EFE/NP
VH13/Nab/Nac/V_11/VC2/DE/Nac]
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R D IER BRIV | ZE R S A RRIPP T | 22 /P31 Y FT A [ /INP
[P35/Ng/Nca/Caa/Nca/Nes/Nab/VC1/ | IVC [fiffil fi]/GP “£IVC ([l TGP
Nhac/Ng]
FIAIARORLIELGREIREO= | F A VNP R LIV | F1Ae/Ch SEfVINP RV
> FURFHLI Y= 2 /NP FUR BRI = 2 /NP *
[Cbbb/VC31/DE/V_11/VH11/Dd/Nab/

\-lm}

Nad/Ncda/DE/Nab]
FRERIZ L IBAEEIE | FRIERT Y RINP | FRIER YR NP
[Nad/Nab/Nbc/Nab/Nab/VA11/VE2] | EJ/VA FVP VP *

Table 7 shows the parsing examples with Type 2 noise. The shallow parsing results of the first

and the last sentences are correct, while those of the second and the third sentences are incorrect.

Table 7. Shallow parsing examples with Type 2 noise

Sentence and POS sequences with Type | Chunking standard from Chunking results of our
2 noise Sinica Treebank system
E3 ‘l@/%%/&/fﬁﬁ/ﬂllfl@l/“‘\ e/ G| b TSNP T F",fﬁﬂ[ ¥ EF GNP T ’F‘[fﬁﬂlf[[
TR/ A FIBS A e [ 3PP RLIV_ | I [EE /] SU/PP hLIV_ i
[Nab/Nac/P21/Nca/Caa/Nc/Nc/Nac/V_ | HGvHsEFA/NP eI AH/NP
11/VC2/DE/Nac]
eV o I L R ZEE S PIARRIPP T | ZE/P3 I1E N P4 IR INP
[P35/Nba/Caa/Nc/Na/VC1/Nhac/Ng] | /VC {fIf{iV f]/GP +/VC IV [#IIGP *
Fi it/%;@lﬁﬂlﬂlgﬁtjgﬂ BRIV | F1AASRRYINP RLIV_ | F1-/Ch ARYAVINP £V
= gg{%ﬁ(g{@ﬁa:’ /NP f;l;{ﬁ'ﬁ, alﬁ\[ﬁ@f:ﬂ%/Np *
[Cbbb/VC31/DE/V_11/VH/Na/Nba/D
E/Nab]
%_ﬁj/ﬁ&%/ﬂ/ifﬁ@ﬂd?ﬁ FENES P BINP if’!T FENES = Y BINP ifﬁf'é'
[Nad/Nab/Nb/Nb/VA11/VE2] 1 /VA VP F/VA VP

Table 8 shows the parsing results using AUTOTAG-parsed training data and test data. The results
of the first and last sentences are correct, while those of the second and the third sentences are incorrect.
We replace the original word segmentation and POS tags of all the sentences with AUTOTAG-parsed
word segmentation and POS tags. The word segmentation of the last sentence provided by AUTOTAG

is incorrect; however, the chunking result is correct.

Table 8. Shallow parsing examples with AUTOTAG-parsed training data and test data

AUTOTAG-parsed Sentence and POS Chunking standard from Chunking results of our

sequences Sinica Treebank system
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PGNP T
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R INP
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I RV R
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FRFR TV RINP Hie
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The experiment results show the noise-tolerance of our Chinese shallow parser with two different
kinds of noise from unknown proper nouns. The system’s performance is only degraded slightly when
“H A R uf L AR 5

is split into two characters and assigned with incorrect POS tags, can still be identified. However,

noisy data is added. Most sentences, such as in which “'F"[
T
the token accuracy is a little lower than the chunk accuracy, which indicates that our system needs to be
improved for chunking longer phrases. In contrast, the chunking accuracy obviously decreases if
models fully generated by AUTOTAG-parsed data are used. The difference between the AUTOTAG
and Sinica Treebank tag sets probably causes the accuracy to decrease. Furthermore, this suggests that,
while the shallow parsing system can deal with unknown nouns, it has difficulty dealing with other
kinds of noisy data. For example, data preprocessing errors, such as, incorrect tokenization or wrong
tagging in other POS categories, affect the performance of shallow parsing substantially We can not
comment on which part-of-speech tags are the major factors in Chinese chunking without conducting

additional experiments.
5.2 Use of Our Shallow Parser on News Articles

For the first application of our shallow parser, we collect some news articles as the test set. The
articles did not have standard word segmentation, POS tagging, and parsing results; therefore, we
cannot report on the accuracy. However, we find the results interesting. Some examples are given in
Table 9. The left column shows the original sentences tokenized and tagged with POS tags by
AUTOTAG. The right column shows the shallow parsing results using our system.

One interesting point is that the shallow parser tends to group named entities into a phrase.
Therefore, the shallow parsing result can be used as a feature for boundary detection in named entity
recognition (NER). In sentence 1, “f| lfﬁ,  is grouped as one phrase, and in sentence 9, “f| 15 f'J
88 F Z7E%" is grouped as one phrase, W|thout first recognizing that “f| &kt * ¢ fil” is an entity by NER.
Another example, in sentence 2 is that “2F# vt [L58[0 = ffi-#1” is grouped as one phrase, without

first recognizing that "%52 " is a company name.
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Table 9. Shallow parsing results for news articles

Tokenization and POS of Sentences

Shallow Parsing Result

PO A 1 R
[Nc/Na/Caa/Na/D/V_2/A/DE/Na]

L[S R RL S W ) R PR | plis T RINP R IS S
[Nc/Nc/SHI/Nc/Na/Na] /NP

2| B/ [ USROS BRI E 1 R e ST | 28R T (LAY S ROMEINP F)
[VJ/ Nc/P/Nc/DE/Nb/Na/V_2/Neu/Nf/SHI/Na/Na] HRUNP RL = ¥ STINP

3 | N/ /R R [NC/DIV_2IVHIVC/NE] | SEEINP 5 F ) TR TIINP

4 | S TRLI IR 2 T S S| SN RL IR R T SNP
[Da/SHI/Nb/Na/Na/Nb/D/VC/Na] g ',?f*l “vIPP

5 | 7 % B U L L ET BT T L | FESRBINP A BT T
[Nega/Nc/D/VH/Na/VH/DE/Na] %Jg‘/NP

6 | S LRI GO RS T R S ]SS - NP R R
ol = HE S T - /NP
[Nd/Nd/SHI/Nc/Na/Dfa/VH/PAUSECATEGORY/Chb
IVK/IVH/DE/Nd]

7| 15 AR PRl INDINa/VC/Na/VH] 19 JEEINP f LT INP

8 | IR H 2 AW CH I B ISP | SRR 2 B0 RS EUPP 2
[P/Na/Caa/VH /Na/VCL/Nc/Ned] Ml HTNP

O | flisht/ 2t Fil/88) & Zrgk/ [t WAL E[140 fB/F 1% Ty | [l R 88 F Z7ERINP it W Z]
[Nc/Nc/Neu/Na/VK/VI/Neu/Nf/Ng] 140 A VP

10| {3 BWI=/ilhEi/= 7 128 [NC/DIVLINGIVA] NP =1 Bl 7 REIVP

1L | )~ IR el SRR A 25 (Fedl)/20 1| 485~ INP o SRR ff
ORI H F’?(Fed)Zl ; Ipﬁ”aa:yqﬁ*/r\lp
[Nc/Na/VI/Nc/Na/VC/INa/PARENTHESISCATEGOR
Y/FW /PARENTHESISCATEGORY/Nd/DE/Na/Na]

12 +

S NP ) -
A9 = H/NP

6. Conclusion and Future Works

In this paper, we propose a Chinese shallow parser that can chunk Chinese sentences into five

chunk types. We test the noise tolerance of the shallow parser and found that the accuracy of data with

simulated unknown words only decreases slightly in chunk parsing. We also test our Chinese shallow

parser on an open corpus, and found that it yields interesting chunking results.

Tolerance of unknown words is an essential characteristic of a Chinese shallow parser. In this

paper, we demonstrate our parser’s robustness in handling noisy data from proper nouns. However, we

could not verify the robustness of chunking noisy data from other kinds of POS. Thus, adopting other

POS systems, such as the Penn Chinese Treebank tagset, for Chinese shallow parsing could prove both
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interesting and useful. In the future, we will improve our model by adding more types of noise, such as

random noise, filled noise, and repeated noise proposed by Osborne [13]. In addition to Sinica

Treebank, we will extend our training corpus by incorporating other corpora, such as Penn’s Chinese
Treebank.
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